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Abstract: This paper addresses the inherent uncertainty and ambiguity that affect 

traditional managerial appraisal systems, especially in evaluating qualitative Key 

Performance Areas (KPAs) such as "leadership" or "strategic vision". Conventional 

methods, which rely on clear numerical scales (e.g., 1-5), fail to capture the linguistic 

and subjective aspects of human judgment, leading to biased, imprecise and often 

unfair assessments. We propose a new framework that integrates the concept of 

linguistic variables from fuzzy set theory to model these appraisal uncertainties 

systematically. The methodology involves defining fuzzy membership functions for 

linguistic appraisal terms (e.g., "Poor," "Good," "Excellent") and using fuzzy 

aggregation operators to combine feedback from multiple raters. A hypothetical case 

study shows how the model converts qualitative judgments into a measurable, robust 

score while maintaining the depth of linguistic assessment. The results suggest that 

this approach greatly reduces evaluative ambiguity, provides a more detailed and 

fairer view of managerial performance, and increases the developmental value of the 

appraisal process. This study contributes to both managerial decision-making and 

human resource management by offering a mathematically sound yet practical tool 

to improve this vital organizational process. 

Keywords: Fuzzy Logic, Linguistic Variables, Managerial Appraisal, Key Performance 

Areas (KPAs), Performance Management, Uncertainty, Multi-Criteria Decision Making 

(MCDM), Human Resource Analytics 

 

1. Introduction 

1.1. Problem Context: The Strategic Imperative of Managerial Appraisal 

In the modern field of human resource management (HRM), evaluating managerial 

performance goes beyond its basic administrative role to become a key strategic 

factor. Effective performance management systems are crucial for aligning 

individual executives’ actions with overall organizational goals, helping execute 

corporate strategies (Kwon & Jang, 2021). The evaluation of Key Performance Areas 

(KPAs) is critical because it directly influences essential decisions of talent 
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development, succession planning, and variable pay (Pulakos, Hanson, Arad, & 

Moye, 2015). A strong appraisal system makes sure leadership development is 

focused and that the organization builds a pool of capable leaders ready to handle 

complex business challenges. On the other hand, a weak system can cause 

strategic misalignment, misdirected developmental efforts, and ultimately, a loss 

of competitive edge. Therefore, the accuracy and consistency of managerial 

appraisal are not just operational issues but are essential to organizational 

resilience and long-term success. 

 

1.2 Problem Statement: Bridging Theory and Practice Through Mathematical 

Precision 

Despite its strategic significance, a persistent gap exists between the theoretical 

frameworks of performance management and their practical application—
especially in evaluating qualitative managerial competencies. The core difficulty 

arises from the inherently subjective and perceptual nature of key performance 

areas (KPAs) such as "strategic innovation," "change leadership," and "talent 

development." These constructs resist precise quantification and rely heavily on 

human judgment, which is subject to cognitive biases like recency, halo effects, 

and idiosyncratic rating behaviours (Schleicher, Baumann, Sullivan, & Yim, 2019). 

This problem is compounded by the widespread use of conventional quantitative 

scales (e.g., Likert scales) that impose an artificial numerical precision on fuzzy, 

linguistic assessments. Such “crisp” evaluation tools force complex qualitative 

judgments into single-point estimates, stripping away essential context and 

linguistic nuance (Adler, Campion, Colquitt, Grubb, Murphy, &Ollander-Krane, 

2016). From a mathematical perspective, this leads to a misalignment between the 

ambiguous nature of managerial performance and the rigidity of measurement 

instruments, often resulting in appraisal data perceived as arbitrary or unfair 

(Keeney, 2021). Consequently, this undermines both the credibility and utility of 

performance evaluations for decision-making and developmental feedback. 

Addressing this disconnect calls for advanced methodological frameworks that 

integrate uncertainty modelling and fuzzy logic principles to better capture the 

qualitative subtleties inherent in managerial assessments. Such approaches can 

formalize the imprecision and subjectivity within a rigorous mathematical 

structure, thus enhancing both fairness and accuracy in performance 

measurement. 

 

1.3. Research Questions: 

• Q1: To define a formal calculus of linguistic variables and membership functions 

that quantifiably captures the vagueness inherent in qualitative KPA evaluations 

(Keeney, 2021). 

• Q2: To develop and test a fuzzy aggregation operator, incorporating rater weights, 

to synthesize divergent linguistic appraisals into a single, justified fuzzy 

performance score. 

• Q3: To empirically compare the construct validity and inter-rater reliability of the 

fuzzy outcome against traditional crisp arithmetic means (Schleicher et al., 2019). 
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1.4. Objectives and Scope 

Objectives: This study aims to develop a robust fuzzy logic model utilizing 

linguistic variables and weighted averaging operators to formally quantify and 

aggregate subjective managerial performance data. The primary objective is to 

demonstrate the model's efficacy in generating a more nuanced and defensible 

composite appraisal score that reduces evaluative ambiguity (Kaur & Kumar, 

2021). 

Scope: The research scope is deliberately bounded to the assessment of 

qualitative, behaviourally-anchored KPAs (e.g., leadership, strategic thinking), 

where perceptual uncertainty is most pronounced. While the proposed framework 

can accommodate integrated crisp data from quantitative KPAs (e.g., sales 

targets), their analysis is not the primary focus, as they lack the inherent fuzziness 

that necessitates this methodological approach (Petrík & Talašová, 2023). 
 

2. Literature Review 

2.1. Managerial Appraisal Systems: Inherent Limitations in Capturing 

Subjectivity 

Traditional appraisal systems, including Graphic Rating Scales (GRS), 

Behaviourally Anchored Rating Scales (BARS), and 360-degree feedback, provide 

structured frameworks for evaluation. However, they are fundamentally limited in 

their ability to handle the subjectivity of managerial performance. GRSs are prone 

to rater bias and ambiguous scale interpretations (Schleicher et al., 2019). While 

BARS improve specificity by anchoring scales with behavioural examples, they 

struggle to encompass the full spectrum of complex managerial behaviours and 

remain susceptible to halo effects. The 360-degree feedback method aggregates 

multiple perspectives but often compounds the problem by accumulating, rather 

than resolving, ambiguous and conflicting linguistic judgments from various raters 

(Adler et al., 2016). Common to all these methods is the flawed conversion of 

qualitative perceptions into precise numerical scores, a process that fails to model 

the inherent evaluative uncertainty mathematically. 

 

2.2. Key Performance Areas (KPAs) and the Challenge of Ambiguity 

The assessment of KPAs is central to managerial appraisal, yet these areas are 

often intrinsically ambiguous. Scholarly work highlights that competencies such as 

"strategic leadership" or "innovation management" are latent constructs, meaning 

they are not directly observable but must be inferred from exhibited behaviours 

(Campbell & Wiernik, 2015). This inferential nature creates significant challenges 

in operationalization and measurement. The definition of what constitutes effective 

performance in these areas is often context-dependent and open to interpretation, 

leading to low inter-rater reliability and inconsistent application of appraisal 

standards across an organization. This ambiguity is a primary source of the 

perceived unreliability and unfairness in performance management systems. 
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2.3. Uncertainty in Human Decision-Making: Biases and Bounded Rationality 

The human element in performance rating is a significant source of uncertainty. 

Raters are influenced by an array of cognitive biases,which are well-documented. 

The halo effect (allowing one positive trait to affect the overall rating), recency 

bias (overweighting recent events), and central tendency bias (clustering ratings 

toward the midpoint of the scale) systematically distort evaluations (Latham, 

Almost, Mann, & Moore, 2005). These biases are manifestations of Simon's theory of 

bounded rationality, which posits that decision-makers act rationally but within the 

constraints of limited information, cognitive limitations, and finite time. In appraisal 

contexts, raters use mental shortcuts (heuristics) to simplify the complex task of 

evaluating another human being, inevitably introducing noise and error into the 

process. 

 

2.4. Foundations of Fuzzy Set Theory 

Fuzzy set theory, introduced by Zadeh (1965), provides a mathematical framework 

for dealing with imprecision and gradation. Unlike classical set theory, where an 

element either belongs or does not belong to a set, fuzzy theory allows for partial 

membership, defined by a membership function that ranges from 0 to 1. This core 

idea is extended 

through linguistic 

variables (e.g., "Performance," whose values are words like "Good" or "Poor" 

rather than numbers), which are crucial for modelling human-centric systems 

where reasoning is approximate (Zadeh, 1975). These linguistic values are 

represented mathematically using fuzzy numbers (e.g., triangular or trapezoidal 

fuzzy numbers), which are defined by their membership functions. To synthesize 

multiple fuzzy opinions, aggregation operators (e.g., the fuzzy weighted average) 

are used, providing a formal calculus for combining ambiguous judgments without 

losing their inherent uncertainty. 

Figure 1- An Example of Fuzzy Set in Managerial Decision Making 
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2.5. Fuzzy Applications in HR and Management: Identifying the Gap 

Fuzzy logic has been successfully applied in various HR domains, demonstrating 

its utility in handling subjective judgment. Applications include personnel 

selection (e.g., evaluating candidates against fuzzy criteria), competency 

modelling (e.g., defining soft skills with fuzzy sets), and performance appraisal 

(e.g., aggregating fuzzy ratings) (e.g., Kaur & Kumar, 2021; Petrík & Talašová, 2023). 
However, a distinct gap exists in the literature. While previous studies apply fuzzy 

logic to appraisal, few offer a dedicated and holistic framework focused explicitly 

on the linguistic assessment of KPAs. Many models treat performance criteria as 

predefined without deeply exploring the formal modelling of the linguistic terms 

used by raters to describe ambiguous managerial competencies. This research 

aims to fill that gap by developing a tailored model that directly addresses the 

transition from qualitative KPA description to ambiguous linguistic assessment and 

finally to a mathematically robust aggregated score. 
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3. Theoretical Framework: A Fuzzy Logic Model for Kpa Assessment 

This section outlines the formal architecture of the proposed fuzzy logic model 

designed to capture and process the inherent imprecision in managerial 

performance appraisals. 

 

3.1. Defining the Linguistic Universe 

The foundation of the model is the formal definition of a linguistic variable (Zadeh, 

1975), central to the appraisal process. We define the variable "Managerial 

Performance" across a universe of discourse, X,representing the normalized 

spectrum of performance, typically X=[0,10] or X=[0,100]. 

The variable takes values from a finiteset of linguistic descriptors: 

T(Performance) = {Very Poor, Poor, Average, Good, Very Good, Excellent} 

This set is ordered and sufficiently granular to allow raters to express nuanced 

judgments while remaining manageable for computational purposes. The 

semantics of these terms are not universal but are defined mathematically within 

the specific organizational context through membership functions. 

3.2. Constructing Fuzzy Membership Functions 

Each linguistic term in T(Performance) is mathematically modelled as a fuzzy 

subset of X characterized by a membership function μA(x):X→[0,1], which 

quantifies the degree of belonging of a crisp score x to the fuzzy set A. 

Mathematical Representation: For computational simplicity and interpretability, 

we employ Triangular Fuzzy Numbers (TFNs). A TFN is defined by a triplet (l,m,u), 

where l, m, and u represent the lower, modal (peak), and upper bounds, 

respectively. For example: 

• Average = (3, 5, 7) 

• Good = (5, 7, 9) 

• Excellent = (8, 10, 10) 

Justification for Chosen Functions: The specific parameters of these TFNs are 

not arbitrary. They must be calibrated to reflect organizational norms and rater 

psychology. This can be achieved through: 

• Expert Elicitation: Conducting structured workshops with senior HR 

professionals and organizational leaders to define the boundaries of each 

performance category (Ayyildiz & Taskin, 2023). 

• Historical Data Analysis: Analysing past appraisal data to statistically calibrate 

the ranges where ratings tend to cluster, effectively "learning" the 

organizational meaning of each term. 

This step ensures the model is not a black box but is grounded in the specific 

evaluation culture of the organization. 

 

3.3. Structure of the Appraisal Problem 

The multi-criteria, multi-rater nature of the appraisal is formally structured as 

follows: 
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• LetK={KPA1,KPA2,...,KPAn} be the set of n Key Performance Areas to be 

assessed (e.g., KPA1: Strategic Leadership, KPA2: Operational Efficiency). 

• Let R={Rater1,Rater2,...,Raterm} be the set of m raters providing evaluations 

(e.g., supervisor, peer, subordinate). 

• Each rater Rateri provides a linguistic assessment Lij∈T(Performance) for 

each KPAj. 

 

3.4. The Fuzzy Aggregation Process 

The core of the model is a two-stage aggregation process that synthesizes fuzzy 

judgments. 

• Step 1: Linguistic-to-Fuzzy Conversion - Each linguistic rating Lij is converted 

into its corresponding TFN,Ã1j , based on the predefined membership 

functions. 

• Step 2: Intra-KPA Aggregation (Across Raters) - For a given KPAj, the individual 

fuzzy assessments Ã1j, Ã2j, Ã3j. . . . . . . Ãmj are aggregated into a single fuzzy 

score KPAj̃. This is performed using a Fuzzy Weighted Average (FWA) operator 

to account for the differential credibility or perspective of each rater (Petrík& 

Talašová, 2023): KP̃Aj = ∑ (wi⊗Aij̃)mi=1∑ wimi=1          (1) 

wherewi is the non-fuzzy weight assigned to Rateri, and ⊗ denotes fuzzy 

multiplication. 

• Step 3: Inter-KPA Aggregation (Across Criteria)- The fuzzy scores for each 

KPA KPA1̃, KPA2̃, … … . KPAñ, are aggregated into an overall fuzzy performance 

score P̃. This step incorporates the strategic weights ωj assigned to each KPAj̃, 
again using the FWA: P̃ = ∑ (ωj⊗KP̃Aj)nj=1∑ ωjnj=1             (2) 

 

3.5. Defuzzification 

The final output P̃ is a fuzzy number. To facilitate interpretability and decision-

making (e.g., for ranking or compensation decisions), it must be converted into a 

crisp value. The Centroid (Centre of Gravity) method is chosen for its widespread 

use and ability to provide a stable, comprehensive summary of the entire fuzzy set 

by finding its centre of mass (Ayyildiz & Taskin, 2023). For a TFN P̃ = (l, m, u), the 

centroid x∗ is calculated as: x∗ = l+m+u3       (3)  

This crisp value x∗represents the definitive performance score, having been 

derived through a process that rigorously preserved and modelled uncertainty at 

every stage. 

 

3.6. Example 

Let us consider the appraisal of a Project Manager, "Bob", using the proposed 

fuzzy model. 
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Step 1: Define the Linguistic Universe and Membership Functions 

• Linguistic Variable: Managerial Performance 

• Term Set (T): T(Performance) = {Needs Improvement (NI), Competent (C), 

Proficient (P), Excellent (E)} 

• Universe of Discourse: X = [0, 10] 

• Triangular Fuzzy Numbers (TFNs) for each term: 

NI = (0, 2, 4), C = (3, 5, 7), P = (6, 7, 9), E = (8, 10, 10) 

Step 2: Structure of the Appraisal Problem 

• KPAs (K): K = {KPA₁: Team Leadership, KPA₂: Budget Management} 

Strategic Weights: ω₁ = 0.6 (Leadership), ω₂ = 0.4 (Budget) 

• Raters (R): R = {Rater₁: Supervisor (w₁=0.5), Rater₂: Peer (w₂=0.3), Rater₃: 
Subordinate (w₃=0.2)} 

• Linguistic Assessments Received: 

o For KPA₁ (Team Leadership): 

▪ Supervisor: Proficient (P), Peer: Excellent (E), Subordinate: Competent (C) 

o For KPA₂ (Budget Management): 

▪ Supervisor: Excellent (E), Peer: Proficient (P), Subordinate: Proficient (P) 

Step 3: The Fuzzy Aggregation Process 

Step 3.1: Convert Linguistic Ratings to Fuzzy Numbers 

• P = (6, 7, 9), E = (8, 10, 10), C = (3, 5, 7) 

Step 3.2: Intra-KPA Aggregation (Fuzzy Weighted Average for each KPA) 

• Aggregate for KPA₁ (Team Leadership): 

o Calculation: [0.5*(6,7,9) + 0.3*(8,10,10) + 0.2*(3,5,7)] / (0.5+0.3+0.2) 

o Numerator: (3+2.4+0.6, 3.5+3+1, 4.5+3+1.4) = (6.0, 7.5, 8.9) 

o Result: 𝐊𝐏𝐀₁̃ = (6.0, 7.5, 8.9) 

• Aggregate for KPA₂ (Budget Management): 

o Calculation: [0.5*(8,10,10) + 0.3*(6,7,9) + 0.2*(6,7,9)] / (0.5+0.3+0.2) 

o Numerator: (4+1.8+1.2, 5+2.1+1.4, 5+2.7+1.8) = (7.0, 8.5, 9.5) 

o Result: 𝐊𝐏𝐀₂̃ = (7.0, 8.5, 9.5) 

Step 3.3: Inter-KPA Aggregation (Fuzzy Weighted Average across KPAs) 

• Overall Fuzzy Performance Score (P ̃): 
o Calculation: [0.6*(6.0,7.5,8.9) + 0.4*(7.0,8.5,9.5)] / (0.6+0.4) 

o Numerator: (3.6+2.8, 4.5+3.4, 5.34+3.8) = (6.4, 7.9, 9.14) 

o Result: P ̃ = (6.4, 7.9, 9.14) 

Step 4: Defuzzification (Centroid Method) 

• For a triangular fuzzy number (l, m, u) = (6.4, 7.9, 9.14), the centroid is: 

o Crisp Score = (l + m + u) / 3 = (6.4 + 7.9 + 9.14) / 3 = 23.44 / 3 ≈ 7.81 

Interpretation of Results 

• Final Crisp Score: Alex receives a performance score of 7.81/10. 

• The "Fuzzy Footprint": The result is not just 7.81; it is the fuzzy number (6.4, 

7.9, 9.14). This provides deep managerial insight: 

o Performance Range: Alex's performance is assessed as lying between 6.4 

and 9.14. 

o Most Likely Value: The peak of the membership function is at 7.9. 
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Key Insight: The footprint is skewed towards higher scores (the distance from 7.9 

to 9.14 is larger than to 6.4), indicating that while there is some disagreement 

pulling the score down (likely from the subordinate's "Competent" rating on 

Leadership), the consensus leans toward a high level of performance. This nuance 

is completely lost in a traditional average, which might also calculate to a similar 

number (e.g., 7.8) but without any of this diagnostic information. 

This example demonstrates how the fuzzy model synthesizes ambiguous, multi-

source judgments into a single, information-rich evaluation that supports more 

nuanced decision-making. 

 

5. Results and Discussion 

5.1. Presentation of Findings: The Fuzzy Footprint 

The proposed model produces two main outputs: a clear, crisp score and, more 

importantly, a "fuzzy footprint." This footprint, represented by the final combined 

fuzzy number (for example, a Triangular Fuzzy Number like (6.8, 7.5, 8.2) on a 10-

point scale), offers a detailed performance profile. The crisp score (e.g., 7.5 

through centroid defuzzification) provides a practical figure for management 

decisions, while the footprint illustrates the range and potential of performance. A 

narrow footprint (e.g., (7.3, 7.5, 7.7)) suggests high agreement among raters, 

whereas a wide footprint (e.g., (6.0, 7.5, 9.0)) indicates considerable disagreement 

or uncertainty, which traditional methods often overlook (Kaur & Kumar, 2021). 

 

5.2. Addressing the Research Questions 

• RQ1: Modelling Uncertainty. The model demonstrates that linguistic variables, 

when modelled with carefully calibrated membership functions, serve as a 

rigorous mathematical method for handling evaluative uncertainty. It transforms 

subjective terms like "Good" into a continuous membership scale instead of a 

fixed, arbitrary number, preserving the qualitative essence of the judgment (Celik 

& Gul, 2023). 

• RQ2: Synthesizing Ambiguity. The fuzzy weighted aggregation process offers a 

robust mathematical approach to combining conflicting opinions without 

dismissing dissent prematurely. Unlike simple averaging, which can mask extreme 

views, the fuzzy model retains the "shape" of disagreement within the footprint of 

the resulting fuzzy number, providing a more accurate depiction of collective 

judgment. 

• RQ3: Informative Outcomes. The fuzzy result is distinctly more informative. While 

the arithmetic mean provides a misleadingly precise number (e.g., 7.5), the fuzzy 

method presents this number within a range of possibilities. This allows decision-

makers to determine whether a 7.5 reflects genuine consensus or highly polarized 

ratings, which is crucial for fair personnel decisions (Ayyildiz & Taskin, 2023). 

 

5.3. Theoretical Implications 

This research significantly advances managerial decision theory by bridging a 

critical gap between quantitative models and qualitative human judgment. It 

moves beyond merely acknowledging subjectivity to offering a formal, 
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computational method for addressing it. This enhances the validity of appraisal 

systems by aligning the measurement tool (fuzzy sets) more closely with the 

inherently vague concept of managerial competencies. It establishes a framework 

where linguistic uncertainty is regarded not as a problem but as a valuable source 

of information to be modelled and analysed. 

 

5.4. Managerial Implications and Critical Insights 

• Improved Perceived Fairness: By explicitly acknowledging and processing rater 

subjectivity, the model enhances perceptions of fairness in the appraisal process. 

Employees are more likely to accept outcomes when they see that nuanced, even 

conflicting, feedback has been systematically incorporated rather than averaged 

out. 

• Strategic Developmental Value: The model's key advantage may lie in its 

diagnostic capacity. For example, a wide fuzzy footprint for a specific KPA like 

"Innovation" isn’t a mistake; it indicates significant perceptual differences. This 

underscores the need for dialogue: Should the manager clarify their innovative 

efforts? Or is there a mismatch in how different stakeholders define innovation? 

This shifts the appraisal from merely a judgment to a tool for organizational 

learning and targeted development (Schleicher et al., 2019). 

• Informed Decision Support: The two outputs (crisp score and fuzzy footprint) 

provide a more reliable basis for critical decisions. A candidate with a slightly 

lower crisp score but a very narrow, consistent footprint might be a safer choice 

for promotion than one with a higher but more uncertain score. This adds an 

essential layer of reliability to decision-making. 

 

6. Conclusion, Limitations, And Future Research 

6.1. Conclusion 

This research demonstrates that fuzzy logic is a necessary shift in managerial 

evaluation, evolving from a simple computational tool to a core framework that 

acknowledges the inherent imprecision of human judgment. The proposed model 

effectively reconceptualizes ambiguity not as interference to be eliminated, but as 

valuable information to be systematically organized and understood. By 

establishing a solid mathematical link between qualitative perceptions and 

quantitative results, it improves the accuracy and practical usefulness of 

performance management systems, making them more aligned with the complex 

nature of managerial work. 

 

6.2. Limitations 

Although the model's theoretical innovations are evident, several limitations 

should be recognized. The use of a hypothetical case study, while useful for 

demonstrating proof-of-concept, does not fully address the practical challenges of 

implementing the model in real organizations. A key limitation is the initial setup 

of the system; defining the exact parameters for membership functions and rater 

weights, although adaptable, requires expert knowledge or extensive historical 

data, which can hinder adoption (Kahraman, Öztayşi, & Çevik Onar, 2023). 
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Additionally, the perceived mathematical complexity might cause resistance 

among HR practitioners used to simpler but less precise methods, potentially 

leading to a  

This research establishes that fuzzy logic represents a necessary paradigm shift 

for managerial appraisal, moving beyond being a mere computational tool to 

becoming a foundational framework that respects the intrinsic imprecision of 

human judgment. The proposed model successfully reframes ambiguity not as 

noise to be suppressed, but as valuable information to be formally structured and 

interpreted. By providing a mathematically robust bridge between qualitative 

perceptions and quantitative outcomes, it enhances the conceptual fidelity and 

practical utility of performance management systems, aligning them more closely 

with the complex reality of managerial work. 

 

6.3. Future Research Directions 

To advance this research stream, several promising avenues are proposed: 

• Empirical and Cross-Cultural Validation: Future work must prioritize empirical 

testing with real-world organizational data to validate the model's impact on 

appraisal fairness and decision quality. Furthermore, research should 

investigate how the interpretation of linguistic terms (e.g., "Good Performance") 

varies across national cultures, leading to the development of culturally-

calibrated fuzzy sets (Kumar, Parashar, & Raut, 2023). 

• Human-Computer Interaction (HCI) for Fuzzy Systems: A critical direction is the 

development of intuitive software interfaces that visualize fuzzy footprints and 

guide users through the calibration process. Research in HCI is necessary to 

make fuzzy logic accessible to non-experts, thereby transforming the model 

from a theoretical construct into a practical decision-support system. 

• Integration with Advanced Analytics: The integration of Natural Language 

Processing (NLP) and sentiment analysis presents a groundbreaking 

opportunity. Future models could automatically analyse written feedback in 

performance journals or 360-degree comments to generate initial linguistic 

ratings, thereby reducing the manual rating burden and providing a continuous 

stream of data for assessment (Bhatia & Kaur, 2022). 

• Dynamic and Predictive Fuzzy Modelling: Extending the model from a static, 

periodic assessment to a dynamic system is a logical step towards clarity and 

transparency. This involves developing fuzzy temporal models that track 

performance trends over time, allowing for early identification of improvement 

or decline and enabling predictive analytics for proactive talent management 

interventions. 
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