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Employee performance evaluation is a cornerstone of strategic human
resource management, enabling organisations to align individual
contributions with corporate objectives and sustain competitive advantage.
In many manufacturing enterprises, appraisal systems remain generic in
design, rely on simple additive scoring, and lack longitudinal tracking, thereby
failing to capture the nuanced dynamics of specialised functional units. This
study proposes an objective, department-specific evaluation framework
integrating the Criteria Importance Through Intercriteria Correlation
(CRITIC) weighting method with the Technique for Order Preference by
Similarity to Ideal Solution (TOPSIS) ranking approach. The framework was
developed for the warehouse management division of a large electronics
contract manufacturer and applied across twelve consecutive monthly
evaluation cycles. A panel of eleven senior managers defined a performance
instrument comprising ten criteria and thirty-one sub-criteria. CRITIC
objectively assigned criterion weights from the statistical variability and
intercorrelation of scores, eliminating subjective bias. TOPSIS produced
defensible employee performance rankings by measuring proximity to the
ideal solution. Professional skills and leadership consistently received the two
highest weights, jointly accounting for approximately 35% of the total
weighting. Longitudinal tracking revealed meaningful performance
trajectories supporting targeted talent development and intervention
decisions. The framework has been formally adopted by the case company as
its instrument for operational performance evaluation.

1. Introduction

The electronics contract manufacturing industry occupies a strategically critical position in global
supply chains, providing full-service design, assembly, and logistics solutions to original equipment
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manufacturers worldwide. Enterprises in this sector face relentless pressure to reduce unit costs,
accelerate product cycles, and maintain exacting quality standards, rendering human capital
management an increasingly decisive source of competitive differentiation. As Kazlauskaite and
Buciuniene [1] observed, human resources constitute the primary vehicle through which
organisations develop core competencies and sustain long-term growth. Samson and Bhanugopan
[2] corroborated this view by demonstrating that strategic human capital analytics substantially
improve managerial decision-making and overall organisational performance.

Within human resource management, employee performance evaluation is widely regarded as
the institutional mechanism through which organisations assess individual contributions, calibrate
reward and development initiatives, and ensure that workforce capabilities remain aligned with
strategic imperatives. Rusu et al., [3] characterised performance appraisal as an indispensable
management tool that not only verifies whether organisational goals are being pursued effectively
but also releases latent organisational potential. Selvarajan et al., [4] demonstrated that fair and
transparent performance evaluations strengthen employees' intrinsic motivation and, ultimately,
their performance. Despite this well-established importance, performance evaluation systems in
practice continue to exhibit significant shortcomings.

Three recurring deficiencies are especially prevalent. First, most enterprise-wide instruments
employ uniform criteria across all functional units, disregarding substantive differences in work
content and skill requirements between departments. Second, performance scoring typically relies
on simple weighted averages, presupposing linear independence among criteria. Bol [5] noted that
when key performance indicators cannot be rigorously quantified, the evaluation system loses
internal consistency. Third, most systems evaluate performance at a single point in time rather than
tracking it longitudinally, thereby precluding trend analysis and early detection of talent development
trajectories. Douthit et al., [6] further observed that even the framing of performance information
affects employees' perceptions of compensation fairness.

Company X, the subject of this empirical study, is a Taiwan-based electronics contract
manufacturer with more than 4,000 employees across 30 production and service locations spanning
four continents. Specialising in System-in-Package (SiP) module technologies and comprehensive
micro-miniaturisation solutions, Company X provides global clients with integrated design,
manufacturing, materials procurement, supply chain logistics, and after-sales services. The materials
department, which encompasses the warehouse management function examined here, employs
approximately 140 personnel. As the company has transitioned toward a high-mix, low-volume
flexible manufacturing model, the demands for warehouse personnel have intensified considerably.
Yet the existing performance appraisal system, designed as a universal instrument applicable to all
departments, had not been updated to reflect these requirements. Evaluations were conducted on
an impressionistic, single-period basis with no statistical weighting mechanism.

This study was motivated by the need to rectify those deficiencies. Its primary objectives are
threefold: to construct a department-specific evaluation framework tailored to warehouse
management in electronics manufacturing; to apply CRITIC to determine objective, data-driven
criterion weights; and to implement TOPSIS to derive defensible employee performance rankings
supported by 12 months of continuous data. The resulting system has been formally adopted by
Company X as its official performance management instrument for the materials department. The
remainder of this paper is organised as follows. Section 2 reviews the literature. Section 3 details the
methodology. Section 4 presents the empirical application. Section 5 discusses the results and
managerial implications. Section 6 concludes.
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2. Literature Review
2.1 Employee Performance Evaluation

Performance evaluation is broadly understood as a systematic management process that uses
scientific methods to assess the extent to which employees fulfil their designated responsibilities [7].
Contemporary organisations regard effective performance management as a determinant of
organisational effectiveness, innovative capacity, and competitive standing [8]. The primary
institutional goals of performance appraisal are to identify and cultivate employee potential and to
provide equitable assessments that inform compensation, promotion, and disciplinary decisions
[9,10].

Graen and Scandura [11] established the theoretical importance of leader-member exchange
(LMX) dynamics, demonstrating that the quality of dyadic relationships between supervisors and
subordinates substantially influences subsequent job performance outcomes. Fedor et al., [12]
showed that a supervisor's perceived sincerity and supportiveness moderate employees'
receptiveness to feedback, while Liden et al., [13] confirmed, through a longitudinal investigation,
that early-stage LMX quality predicts future performance. Colquitt et al., [10] conducted a landmark
meta-analysis concluding that procedural, distributive, and interactional fairness dimensions are
each significantly associated with employee performance, commitment, and satisfaction.

More recent scholarship has explored the roles of emotional intelligence, digital technology, and
personality in shaping employee performance. Vidyarthi et al., [14] demonstrated that emotionally
perceptive leaders more effectively motivate employee performance under conditions of high task
interdependence. Pitafi et al., [15] found that enterprise social media platforms enhance employee
performance through collaborative knowledge exchange. Buil et al, [16] established that
transformational leadership positively affects employee performance through the sequential
mediation of organisational identification, engagement, and the expression of proactive personality
[17]. In the warehouse and logistics context, Nong et al, [18] demonstrated that employee
competence and its alignment with job requirements exert direct effects on business performance,
while Floyd et al., [19] emphasised the valorisation of human resources as an enabling factor of
competitiveness and sustainability.

2.2 Multi-Criteria Decision Making in Human Resource Management

Multi-criteria decision making (MCDM) methods provide a structured analytical foundation for
problems that require the simultaneous evaluation of alternatives across multiple, potentially
conflicting criteria [20]. Their application in human resource management has grown substantially,
driven by recognition that personnel decisions are inherently multi-dimensional. Luo and Xing [21]
proposed a hybrid framework integrating BWM, MABAC, and PROMETHEE for personnel selection,
demonstrating that multi-method integration produces more robust outcomes. Chuang et al., [22]
developed a data-driven MCDM model for personnel selection and improvement, validated in a
Taiwanese organisational context. Da Silva et al., [23] reviewed the intersection of HRM and Industry
4.0, identifying MCDM-based assessment tools as a key methodological trend in HRM 4.0.

2.3 The CRITIC Weighting Method

CRITIC (Criteria Importance Through Intercriteria Correlation) is an objective weighting technique
originally proposed by Diakoulaki et al., and subsequently refined by Krishnan et al.,, [24]. Its
fundamental insight is that a criterion carries greater informational weight to the extent that (a) it
exhibits high variability across alternatives, indicating discriminating power, and (b) it exhibits low
correlation with other criteria, indicating that it captures unique information. By incorporating both
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the standard deviation of criterion scores and the inter-criterion correlation matrix, CRITIC produces
weights that are sensitive to distributional variation and resistant to double-counting redundant
information. Sharkasi and Rezakhah [25] proposed a fuzzy extension based on the Hamming distance,
while Pala [26] introduced the ROCOSD method as a robustness-enhanced variant.

2.4 The TOPSIS Ranking Method

TOPSIS (Technique for Order Preference by Similarity to an Ideal Solution), reviewed
comprehensively by Celikbilek and Tuysuz [27], is a distance-based MCDM technique that ranks
alternatives based on their relative proximity to an ideal solution. The method constructs a positive
ideal solution (PIS) composed of the best attainable values on each criterion and a negative ideal
solution (NIS) composed of the worst attainable values. Each alternative's closeness coefficient is
computed as a function of its Euclidean distances to both solutions. TOPSIS offers computational
transparency, simultaneous reference to both ideal and anti-ideal solutions, and a clear ordering of
alternatives. The present study adopts the modified closeness coefficient proposed by Kuo [28],
which addresses limitations of the classical formulation and yields more reliable ranking outcomes.

2.5 Research Gap

A review of the existing literature reveals three substantive gaps that the present study
addresses. First, while MCDM-based evaluation frameworks have been applied in several HRM
contexts, their application to warehouse management personnel within the electronics
manufacturing sector remains underexplored. Second, prior studies have predominantly employed
subjective weighting methods such as AHP or BWM, which embed evaluator biases into the weight
structure; the use of CRITIC for objective weighting in personnel evaluation represents a
comparatively underexplored methodological contribution. Third, virtually no prior study in this
domain has conducted a longitudinal performance evaluation over 12 consecutive monthly cycles,
enabling systematic analysis of individual performance trajectories. The present study addresses all
three gaps simultaneously.

3. Methodology
3.1 Overview of the Research Framework

The research methodology proceeds through three sequential phases. In the first phase, a
performance evaluation framework is constructed through a structured combination of literature
synthesis and expert consultation, yielding a hierarchical system of ten criteria and thirty-one sub-
criteria. In the second phase, performance data collected from monthly evaluations are processed by
the CRITIC algorithm to generate objective criterion weights that reflect the data's statistical
properties. In the third phase, the weighted performance scores are fed into TOPSIS to produce
ranked employee orderings within each evaluation period. The outputs from twelve evaluation cycles
are then aggregated to generate cumulative rankings that reveal longitudinal performance trends.

Figure 1 presents the integrated research methodology framework governing the CRITIC-TOPSIS
evaluation system developed in this study. The framework is organized into three sequential phases,
each addressing a distinct methodological challenge inherent in personnel performance assessment.

Phase 1 establishes the analytical foundation through a dual-track knowledge construction
process. A systematic literature review identifies theoretically grounded performance dimensions
relevant to warehouse management, while parallel expert consultations with eleven senior managers
from Company X's materials department validate and refine those dimensions against operational
realities. The convergence of these two knowledge streams produces a hierarchical evaluation
instrument comprising ten criteria and thirty-one sub-criteria, assessed on a five-level aspiration
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scale. This hybrid approach ensures that the resulting framework carries both theoretical legitimacy
and contextual validity, addressing the criticism that generic appraisal instruments fail to capture the
specific competency requirements of specialized functional roles.

Phase 2 operationalizes objective-criterion weighting using the CRITIC algorithm. Raw evaluation
data are normalized using an aspiration-level transformation to ensure cross-period comparability,
after which the standard deviation of each criterion and the full intercriteria correlation matrix are
computed. The CRITIC information measure synthesizes these two statistical properties, rewarding
criteria that exhibit high discriminating power while penalizing those that contribute redundant
information already captured by correlated dimensions. The resulting weights are derived entirely
from observed data, eliminating the subjective biases that typically arise in AHP- or BWM-based
weighting procedures.

Phase 3 applies TOPSIS to translate the objectively weighted performance scores into a defensible
employee ranking. By simultaneously measuring each employee's Euclidean distance from both the
positive and negative ideal solutions and computing the modified closeness coefficient proposed by
Kuo [28], TOPSIS produces rankings that reward balanced excellence rather than strength on isolated
criteria. The dashed feedback loop connecting the output layer to Phase 2 emphasizes the
longitudinal character of the study: the entire weighting and ranking procedure is repeated
independently across twelve monthly cycles, generating the cumulative trajectory data that
constitute the study's primary empirical contribution.
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I . .
(12 independent rankings) employees plans (PIP)

Fig. 1. Research Methodology Framework of the Integrated CRITIC-TOPSIS Evaluation System
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3.2 CRITIC Criterion Weighting

Let D denote the initial performance matrix of dimensions m x n, where m is the number of
employees and n is the number of criteria. The element d;; represents employee i's aggregated score
on criterion j, computed by applying the sub-criterion weights to the corresponding sub-criterion
scores.

Step 1.1 (Normalisation). The performance matrix is normalised to the unit interval using the
aspiration-level approach. Given a maximum achievable score of 10 and minimum of 2, the
normalised value is computed as
Xij = % (1)

The use of a fixed aspiration-level range rather than the observed range ensures scale consistency
across evaluation periods.

Step 1.2 (Standard Deviation and Intercriteria Correlation). The standard deviation o; of criterion
jacross all employees is computed from the normalised matrix X. The Pearson correlation coefficient
rik between criteria j and k is computed and assembled into the correlation matrix R.

Step 1.3 (Objective Weights). The information measure

Gj = 0j * Xiexj (1 — 13x)) (2)
reflects both the criterion's standalone variability and its independence from the remaining
criteria. The objective weight is obtained by normalisation:
Cj
Yk Ck (3)
Criteria with high standard deviations and low intercorrelations receive higher weights; criteria
highly correlated with others receive lower weights.

3.3 TOPSIS Employee Ranking

Step 2.1 (Weighted Normalised Matrix). The weighted normalised matrix Y is obtained as

Yij = Wj * Xjj (4)

Step 2.2 (Ideal Solutions). The positive ideal solution A* = {w;} comprises the maximum weighted
normalised value for each criterion. The negative ideal solution A~ = {0} comprises the minimum value
of zero for each criterion.

Step 2.3 (Separation Distances). Euclidean distances from the positive and negative ideal
solutions are computed as

D = |Z;(vij ~ w)*, D = JEiYi (5)

Step 2.4 (Closeness Coefficient and Ranking). Following Kuo [28], the closeness coefficient is
defined as
p; -Djt
€6 = oron) o
This formulation assigns equal weights of 0.5 to proximity to the positive ideal solution and
distance from the negative ideal solution. CC; values range from -1 (worst) to +1 (best). Employees

are ranked in descending order of CC..
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4. Empirical Application
4.1 Company Profile and Problem Description

Company X is a leading global electronics design and manufacturing service provider
headquartered in Taiwan, with a workforce exceeding 4,000 employees distributed across 30
production and service facilities in Asia, Europe, the Americas, and Africa. Specialising in System-in-
Package (SiP) module technology, Company X provides clients with comprehensive micro-
miniaturisation solutions encompassing electronic product design, manufacturing, materials
procurement, supply chain logistics, and after-sales repair services.

The materials department employs approximately 140 personnel. The warehouse management
sub-unit examined here comprises 35 to 40 staff whose headcount fluctuates across evaluation
periods due to turnover, maternity leave, mid-cycle transfers, and new hires. Prior to this study, the
department used a company-wide generic appraisal instrument that relied primarily on
impressionistic assessments and simple additive scoring across criteria not calibrated to warehouse
management roles.

4.2 Evaluation Criteria Framework

The evaluation framework was developed through a systematic literature review followed by
structured consultations with eleven senior managers from the materials department. The
framework comprises ten main criteria (C1-C10) and thirty-one sub-criteria. Table 1 presents the
complete framework, including sub-criterion descriptions, intra-criterion weights, and supporting
references.

Table 1
Performance evaluation framework: criteria, sub-criteria, and intra-criterion weights

Criterion Sub-Criteria (Weight) Description Ref.

C11: Work Efficiency (40%) Achievement of operational
standards; attendance;

C1: Responsibility C12: Attendance (30%) . . [37,38]
collaborative completion of
C13: Special Task Completion (30%) project-based tasks
C21: Policy Compliance (60%) Alignment with corporate
. _ B 0, . - H .
C2: Teamwork C22: Cross-Unit Support (20%) strategy, cross Unlt.SUDPOFt, [32,33,19]
. . effective collaborative task
C23: Collaborative Problem-Solving (20%) .
completion
C31: Technical Knowledge (40%) Job-specific expertise;
. . C32: Spreadsheet Skills (20%) software proficiency; certified
: Prof | Skill 21,22,34
C3: Professional Skills C33: Forklift Licence (20%) forklift operation; English [21,22,34]
C34: TOEIC 350+ (20%) language competency
C41: Multi-Role Experience (40%) Cross-functional experience
C4: Work Experience C42: Error Reduction (30%) breadth; grror minimisation; [21,31]
workflow improvement
C43: Process Improvement (30%)
proposals
C51: Respect for Others (40%) Respect for colleagues' rights;
C5: Ethical Conduct C52: Rule Compliance (30%) regulatory adherence; [22,31,19]
C53: Non-Harmful Behaviour (30%) avoidance of harmful actions
C61: Proactiveness (40%) Initiative beyond assigned
5 o . .
6: Personal Traits C62: Helpfulness (30%) duties; willingness to assist; 29,30]

C63:

Stress Tolerance (30%)

capacity to overcome
obstacles
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Table 1
Continued
Criterion Sub-Criteria (Weight) Description Ref.
C71: Multi-Perspective Analysis (40%) Capacity to examine issues
C7: Logical Thinking C72: Sound Judgement (30%) from multiple angles; clear [31,39]
' ) . judgement; effective solution
C73: Problem-Solving (30%) formulation
C81: Active Listening (40%) Skill in listening; clarity in
C8: Communication Skills C82: Clarity of Expression (30%) conveying ideas; effectiveness  [21,22,39]
C83: Consensus Building (30%) in reaching mutual agreement
C91: Professional Training (50%) Participation in professional
: i devel t;
C9: Continuous Learning C92: English Improvement (30%) . evelopment; . [22,19,39]
. . internal/external English
C93: In-Service Education (20%) S e
learning; higher qualifications
C101: Role-Model Behaviour (50%) Setting a positive example;
C10: Leadership C102: Motivating Others (30%) inspiring colleagues; providing [35,36]
guidance and developmental

C103: Mentorship (20%) coaching

Supervisors evaluated each employee on each sub-criterion using a five-level scale with scores of
2, 4, 6, 8, and 10, corresponding to significantly below expectations, below expectations, meets
expectations with room for improvement, outstanding with notable strengths, and fully meets
supervisory expectations, respectively. Sub-criterion weights were determined by expert consensus
through iterative consultation rounds.

4.3 Data Collection and Evaluation Cycles

Performance data were collected across twelve monthly evaluation cycles, designated Period 1
(April 2024) through Period 12 (March 2025). In each cycle, the eleven-member management panel
collectively assessed each employee's performance on all thirty-one sub-criteria, drawing on direct
supervisory observation accumulated over the preceding month. The number of employees
evaluated varied from 35 to 40 per period due to personnel changes. Over the full twelve-month
window, 44 unique employees appeared in at least one cycle, of whom 30 completed all twelve cycles
without interruption.

4.4 CRITIC Weight Computation

The CRITIC weighting procedure was applied independently within each of the twelve evaluation
periods, yielding period-specific objective weights. Table 2 reports the CRITIC-derived weights for
each criterion across all periods, including the twelve-period average.

To illustrate the computational procedure, Table 3 reports the standard deviations of normalised
criterion scores for Period 12 (March 2025). Criterion C9 exhibits a standard deviation of zero in this
period, reflecting the absence of measurable variation among employees, as all received uniform
scores on all three sub-criteria. This outcome is attributable to the binary and infrequent nature of
C9 activities. Table 4 presents the intercriteria correlation matrix for the same period.

Several notable correlation patterns merit discussion. The correlation between C7 (Logical
Thinking) and C8 (Communication Skills) is 0.900, indicating a strong tendency for employees who
perform well on analytical reasoning to also exhibit strong interpersonal communication skills.
Similarly, C6 (Personal Traits) and C8 are correlated at 0.840. These high intercorrelations are
precisely the patterns that CRITIC penalises, resulting in lower weights for these criteria than a purely
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variance-based scheme would produce. Conversely, C3 (Professional Skills) exhibits relatively low
correlations with most criteria (notably -0.071 with C1), reflecting the independence of technical
proficiency from interpersonal dimensions. This independence, combined with C3's high standard
deviation, contributes to its consistently high weight.

Table 2

CRITIC-derived objective criterion weights across twelve evaluation periods
Period C1 Cc2 c3 C4 C5 Cceé Cc7 Cc8 Cc9 C10
24-Apr 10% 10% 18% 3% 10% 12% 12% 11% 0% 15%
24-May 7% 7% 22% 4% 9% 13% 11% 10% 0% 16%
24-Jun 9% 7% 24% 5% 7% 12% 10% 10% 0% 16%
24-)ul 9% 3% 28% 4% 6% 10% 12% 11% 0% 17%
24-Aug 10% 4% 26% 7% 2% 11% 11% 12% 0% 17%
24-Sep 20% 3% 18% 8% 6% 10% 11% 10% 0% 14%
24-Oct 21% 4% 16% 10% 10% 10% 11% 6% 0% 13%
24-Nov  17% 4% 18% 6% 10% 10% 13% 8% 0% 14%
24-Dec 11% 10% 17% 11% 8% 9% 12% 8% 0% 13%
25-Jan 9% 1% 16% 6% 6% 12% 14% 10% 10% 16%
25-Feb 15% 4% 17% 10% 6% 11% 13% 11% 0% 13%
25-Mar  12% 6% 18% 9% 6% 11% 14% 11% 0% 13%
Average 13% 5% 20% 7% 7% 11% 12% 10% 1% 15%

Table 3
Standard deviations of normalised criterion scores, Period 12
C1 C2 Cc3 ca C5 C6 c7 C8 C9 C10
0.081 0.064 0.14 0.073 0.059 0.138 0.168 0.147 0 0.166
Table 4
Intercriteria correlation matrix, Period 12
C1 C2 Cc3 c4 C5 Cé6 Cc7 Cc8 C9 C10
C1 1 0.247 -0.071 0.027 0.372 0.298 0.065 0.22 0 0.198
C2 0.247 1 0.206 0.497 0.641 0.834 0.632 0.702 0 0.664
Cc3 -0.071 0.206 1 0.213 0.118 0.254 0.656 0.552 0 0.545
Ca 0.027 0.497 0.213 1 0.207 0.512 0.536 0.495 0 0.622
C5 0.372 0.641 0.118 0.207 1 0.781 0.415 0.661 0 0.632
C6 0.298 0.834 0.254 0.512 0.781 1 0.638 0.84 0 0.762
Cc7 0.065 0.632 0.656 0.536 0.415 0.638 1 0.9 0 0.798
C8 0.22 0.702 0.552 0.495 0.661 0.84 0.9 1 0 0.863
(6°] 0 0 0 0 0 0 0 0 1 0
C10 0.198 0.664 0.545 0.622 0.632 0.762 0.798 0.863 0 1

4.5 TOPSIS Performance Ranking

TOPSIS was applied in each evaluation period using the corresponding CRITIC weights. Table 5
presents the TOPSIS results for Period 12, including the distance from the positive ideal solution (D+),
the distance from the negative ideal solution (D-), and the closeness coefficient (CC) for selected
employees. Employee identifiers have been anonymised in accordance with research ethics
commitments.
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Table 5
TOPSIS results for Period 12: selected employees ranked
by closeness coefficient

Rank Employee ID D+ D- cc
1 E31 0.108 0.273 0.008
2 E22 0.11 0.272 0.008
3 EO5 0.118 0.278 0.008
4 E18 0.13 0.25 0.005
5 E25 0.14 0.261 0.005
33 E16 0.211 0.179 -0.005
34 E19 0.205 0.168 -0.005
35 E34 0.221 0.2 -0.005
36 E20 0.229 0.144 -0.008
37 E02 0.236 0.138 -0.009

Table 6 aggregates the results across all twelve periods by summing each employee's monthly
rank, then ordering employees by their cumulative rank sum. A lower cumulative rank sum indicates
more consistently high performance across the full study window. Only the 30 employees who
completed all twelve periods without interruption are included in this cumulative ranking.

Table 6
Cumulative twelve-period performance rankings and key performance characteristics
12-Period Rank  Employee ID Cumulative Rank Sum  Key Characteristic
1 E_Topl 19 Consistent top-three placement across all 12 periods
Strong improvement trajectory; moved from mid-tier to
2 E Top2 47 .
-1op top-three from Period 5 onward
3 E Top3 57 Particularly strong on professional skills and ethical
conduct
4 E_Top4 69 Outstanding logical thinking and communication scores
5 E Tops 74 Consistent performance across all criteria with no
- notable weaknesses
24 E_Bot2 339 Low professional skills and leadership; targeted training
recommended
55 E Botl 342 Weakest cumulative performance: formal intervention

plan warranted

5. Results and Discussion
5.1 Criterion Importance: Findings from CRITIC

The average CRITIC weights reported in Table 2 reveal a clear hierarchy of criterion importance
across the twelve evaluation periods. Professional Skills (C3) received the highest average weight of
20%, followed by Leadership (C10) at 15%, Responsibility (C1) at 13%, Logical Thinking (C7) at 12%,
and Personal Traits (C6) at 11%. Together, these five criteria account for approximately 71% of the
total weighting. This distribution reflects the operational reality of warehouse management in
electronics manufacturing, where technical proficiency and leadership capacity are the primary
differentiators of employee effectiveness.

The high weight assigned to Professional Skills (C3) is particularly instructive. In this context,
technical competencies encompass not only operational skills in materials handling and inventory
management but also software proficiency for electronic documentation and certified skills in safe
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materials handling. As the company transitioned toward more complex, multi-variant production
schedules, proficient use of spreadsheet software for inventory tracking and reporting has become
increasingly central to effective job performance [38,39].

The relatively low average weights of Teamwork (C2) at 5% and Continuous Learning (C9) at 1%
reflect not a low importance of these dimensions in principle but rather their limited discriminative
power in the empirical data. On Teamwork, employees generally scored consistently high, reflecting
the strongly collaborative culture within the materials department; the resulting low standard
deviation translates into a low CRITIC weight. For Continuous Learning, the zero-variation problem in
most periods is directly responsible for the near-zero weight. C9 received a non-negligible weight of
10% in January 2025 (Period 10), the only period when a subset of employees completed qualifying
training programs. The temporal stability of the top-five criteria across twelve periods provides
empirical support for the construct validity of the evaluation framework.

Figure 2 synthesizes the CRITIC-derived criterion weight evidence through two complementary
visualizations that together illuminate both the cross-sectional and longitudinal dimensions of
criterion importance in the warehouse personnel evaluation system.

(a) Weight distribution across evaluation periods (%)

C1 Cc2 C3 C4 C5 cé c7 c8 c9 C10
Resp. Team. Prof. Exp.
Weight (%)
Apr-24
0-3
May-24 -7
8-11
Jun-24 - 12215
Tul-24 I s
N o

Aug-24
Sep-24
Oct-24

Nov-24

Dec-24
Jan-25
Feb-25

Mar-25

Average

(b) Twelve-period average CRITIC weights with criterion rankings
25%

20%
20%

15%
15%
10%

5%
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Note: C3 (Professional Skills) and C10 (Leadership) are highlighted as consistently dominant criteria across all twelve evaluation periods.

Fig. 2. CRITIC-Derived Criterion Weights Across Twelve Evaluation Periods and Twelve-Period Averages

Panel (a) presents a heatmap of CRITIC weights across all twelve evaluation periods. The color
intensity, calibrated on a sequential blue scale from near-zero (white) to high-weight (dark navy),
reveals two immediately striking patterns. First, C3 (Professional Skills) consistently occupies the
darkest cells in virtually every period, confirming that technical proficiency constitutes the single
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most discriminating dimension of performance throughout the entire study window. This stability is
attributable to C3's persistent combination of high standard deviation and low intercorrelations with
behavioral criteria such as C1 and C5, precisely the data properties that the CRITIC algorithm rewards.
Second, C9 (Continuous Learning) remains conspicuously white across eleven of twelve periods,
reflecting the near-zero variance produced when no employees participate in qualifying training
programs within a given month. The single exception in January 2025 (Period 10), where C9 rises to
10%, captures the effect of a cohort completing professional development activities, demonstrating
that CRITIC weights are genuinely responsive to distributional changes in the underlying data rather
than being anchored to static expert judgements.

Panel (b) complements the temporal heatmap with a bar chart of twelve-period average weights,
annotated with criterion rankings. The clear height hierarchy confirms that C3 (20%, Rank 1) and C10
(Leadership, 15%, Rank 2) jointly dominate the weight distribution, accounting together for 35% of
the total criterion importance. The next tier, comprising C1 (Responsibility, 13%), C7 (Logical Thinking,
12%), and C6 (Personal Traits, 11%), reflects the operational realities of warehouse coordination
roles, where analytical problem-solving and proactive behavioral dispositions meaningfully
differentiate higher performers. The pronounced underweighting of C2 (Teamwork, 5%) and C9
(Continuous Learning, 1%) does not imply managerial irrelevance; rather, it reflects the restricted
variance in these dimensions within the studied workforce, an empirical signal that management
interventions should prioritize the high-weight, high-variance dimensions where developmental
investment yields the greatest differentiation in evaluated outcomes.

5.2 Employee Performance Rankings and Trajectories

The twelve-period cumulative rankings reveal clear groupings of consistently high-, mid-, and low-
performing employees. The five employees with the lowest cumulative rank sums maintained top-
tier positions across most evaluation periods, demonstrating sustained excellence. Their score
profiles reveal two common characteristics: consistently strong ratings on C3 (Professional Skills) and
C10 (Leadership), and uniformly high ratings on C5 (Ethical Conduct).

Trajectory analysis reveals heterogeneous patterns with meaningful managerial implications. One
high-performing employee exhibited a strong upward trajectory, moving from a mid-tier position in
the first three periods to a top-three position in all subsequent periods. This pattern is consistent
with that of a new or recently transferred employee who required an initial familiarization period
before demonstrating full competence. The multi-period framework makes such trajectories visible
to management, enabling timely, evidence-based talent acceleration decisions.

Conversely, employees with the highest cumulative rank sums consistently exhibited low scores
in professional skills and leadership, with some also showing deteriorating trends in logical thinking
and communication. These employees are candidates for structured performance improvement
plans (PIPs), with interventions targeted at specific competency deficiencies identified through sub-
criterion level data. It bears noting that 14 of the 44 unique employees were excluded from the
cumulative ranking due to incomplete participation, attributable to resignation, maternity leave, mid-
cycle transfer, and compulsory military service.

5.3 Managerial Implications

The CRITIC-TOPSIS framework carries several substantive implications for HRM in warehouse
operations of electronics manufacturing enterprises. First, the identification of Professional Skills and
Leadership as the two dominant criteria provides a clear strategic signal for investment in training
and development. The framework's sub-criterion data enables highly targeted development
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planning: a manager can identify that a specific employee has high scores on C31 (technical
knowledge) but low scores on C33 (forklift certification), and accordingly direct that employee toward
certification acquisition rather than general technical training [22].

Second, the multi-period longitudinal dimension enables a more sophisticated approach to
performance management than is possible with single-period systems. Managers can observe
whether an employee's performance is improving, stable, or declining over time. An employee who
performs poorly initially but shows consistent improvement may merit retention and investment; an
employee who is stable but below threshold over multiple periods may be better served by a
structured PIP with clear milestones.

Third, the objective CRITIC weighting methodology explicitly removes the potential for evaluator
bias in the criterion weighting process. By deriving weights from the distributional properties of
actual performance data, CRITIC ensures that high-weight criteria are precisely those that genuinely
differentiate employees, independent of supervisory preferences [24,25]. This property is particularly
important for organisational fairness, supporting the legitimacy and acceptance of evaluation
outcomes [3,4,10].

Fourth, the formal adoption of this system by Company X as its official evaluation instrument for
the materials department represents practice-based validation extending beyond the academic
research context. The system's continuous deployment across 12 evaluation cycles, without any
requests to modify the framework, provides evidence of practical utility and managerial acceptance.

6. Conclusions

This study has developed and empirically validated an integrated CRITIC-TOPSIS framework for
the objective, multi-period evaluation of warehouse personnel performance in an electronics
manufacturing enterprise. The framework addresses three documented deficiencies in conventional
performance appraisal practice: the use of generic, department-agnostic criteria; the use of simple,
subjectively weighted additive scoring; and the absence of longitudinal performance tracking to
enable trend analysis and trajectory-based human resource decisions.

The empirical analysis, conducted over 12 consecutive monthly evaluation cycles, covering 35 to
40 warehouse management personnel, yielded several substantive findings. Professional Skills and
Leadership consistently emerged as the two highest-weighted criteria, jointly accounting for
approximately 35% of the total CRITIC weight across all periods. The TOPSIS rankings effectively
differentiated employees across the full performance spectrum. Longitudinal tracking revealed
heterogeneous performance trajectories carrying meaningful implications for talent development,
retention, and succession planning.

The theoretical contributions of this study are threefold. First, it extends the MCDM literature
into the domain of warehouse personnel evaluation within electronics manufacturing. Second, it
demonstrates the practical advantages of CRITIC over subjective weighting methods, particularly in
reducing evaluator bias and enhancing the legitimacy of appraisals. Third, it establishes the
methodological value of multi-period, longitudinal evaluation frameworks as a template for trend-
based HRM analytics.

Several limitations warrant acknowledgement. The framework was developed for a single
functional unit within a single enterprise, and its direct transferability to other departments or
industries has not been empirically tested. The study does not include psychometric validation (e.g.,
Cronbach's alpha) of the evaluation instrument. Future research directions include extending to
other functional departments, incorporating psychometric validation, and comparative evaluation of
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alternative MCDM methods, such as VIKOR, AHP-TOPSIS, and fuzzy TOPSIS, to assess the robustness
of rankings to methodological choice.
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