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Abstract 

This study addresses the challenge of laboratory assistant selection at Universitas Nurdin Hamzah (UNH) Jambi, 

where manual assessment can introduce subjectivity and limited transparency. To improve objectivity and 

traceability, this research develops a web-based Decision Support System (DSS) by integrating the Fuzzy Best–Worst 

Method (Fuzzy-BWM) to derive criteria weights and the Fuzzy Technique for Order Preference by Similarity to Ideal 

Solution (Fuzzy-TOPSIS) to rank candidates. The evaluation uses four criteria: Competency Test (C1), Certification 

(C2), Grade Point Average (GPA) (C3), and Interview (C4), with assessments represented by linguistic fuzzy scales 

to accommodate uncertainty in human judgment. The system generates ranking outputs along with the Closeness 

Coefficient (CC) as an interpretable decision indicator. Robustness is further examined using sensitivity analysis and 

Monte Carlo simulation under varying criteria weights to evaluate ranking stability. Results show that the proposed 

DSS produces measurable and explainable rankings and provides additional evidence of decision robustness under 

weight perturbations. From an Informatics and Computer Science perspective, this work demonstrates the practical 

integration of fuzzy-MCDM algorithms into a reliable computerized DSS that supports transparent, reproducible, and 

auditable decision-making in academic operational management. 

 

Keywords : Decision Support System, Fuzzy Best–Worst Method, Fuzzy TOPSIS, Monte Carlo Simulation, 
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1. INTRODUCTION 

Laboratory practicum is a core component of applied learning in technology-oriented programs. 

The effectiveness of practicum delivery depends on laboratory assistants who support procedural 

compliance, technical troubleshooting, safety practices, and continuity of learning outcomes. 

Consequently, selecting laboratory assistants should be conducted objectively and transparently, 

especially when decisions involve multiple criteria and many applicants, because manual selection may 

amplify subjectivity and inconsistencies across assessors [11], [12], [15]–[17]. 

Decision Support Systems (DSS) based on Multi-Criteria Decision Making (MCDM) provide a 

structured mechanism to aggregate multi-criteria assessments and reduce bias by converting qualitative 

judgments into measurable decision indicators [12], [14]–[16], [18]–[24]. In many real-world selection 

cases, candidate evaluations are expressed using linguistic terms (e.g., very good–good–fair) and contain 

uncertainty; therefore, fuzzy set theory is widely used to model ambiguity in human judgment [2], [3], 

[5], [28]–[31]. Ranking methods such as TOPSIS are popular in DSS because they are interpretable: 

alternatives are evaluated based on their distance from the ideal positive solution and the ideal negative 

solution, producing a single preference score that supports accountable decision-making [13], [14], 

[18]–[24]. 

Recent studies show that hybrid fuzzy-MCDM frameworks can improve decision quality in 

contexts with imprecise or subjective inputs, including safety assessment, engineering evaluation, 
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supplier selection, and credit rating. For example, fuzzy-based approaches have been applied in 

construction safety evaluation and prioritization problems [1], and hybrid fuzzy MCDM has been used 

for comprehensive performance evaluation in large-scale engineering contexts where robustness is 

important [4]. Moreover, integrated fuzzy-BWM and fuzzy-TOPSIS approaches have been reported to 

produce consistent weighting and transparent rankings in complex decision environments [2], [3], [28], 

[30]. These studies collectively indicate that combining a consistent weighting method and an 

interpretable ranking method is a practical strategy for decision support under uncertainty [2], [3], [4], 

[28]–[31]. 

However, existing DSS implementations for laboratory assistant selection in higher education 

frequently rely on conventional MCDM techniques (e.g., SAW/SMART/ROC/WASPAS/ELECTRE) 

that may not explicitly model linguistic uncertainty, may require extensive comparisons, or may not 

provide robustness evidence when weights shift [12], [15]–[17]. In addition, many fuzzy/MCDM 

applications in other domains (e.g., tourism selection, area prioritization, group DSS, forecasting) 

demonstrate the wide adoption of fuzzy decision approaches, yet they typically do not integrate 

consistent fuzzy-BWM weighting with fuzzy-TOPSIS ranking and robustness evaluation using Monte 

Carlo simulation [7]–[10]. As a result, ranking outputs can become “fragile,” meaning small weight 

perturbations may cause rank reversal and reduce trust in the recommendation [6]. 

Robustness evaluation is increasingly recognized as essential in modern MCDM-based DSS, 

particularly when criteria weights may change due to expert preference differences or policy updates. 

Monte Carlo simulation and sensitivity analysis are widely used to test ranking stability under weight 

uncertainty, helping decision-makers interpret whether recommendations remain consistent under 

reasonable perturbations [6]. Therefore, robustness evidence is important for operational decision-

making contexts such as laboratory assistant selection, where fairness and transparency are required. 

Motivated by these gaps, this study proposes a web-based DSS for laboratory assistant selection 

at Universitas Nurdin Hamzah (UNH) Jambi by integrating (i) Fuzzy Best–Worst Method (Fuzzy-

BWM) to derive consistent criteria weights using compact comparisons, (ii) Fuzzy TOPSIS to rank 

candidates through an interpretable Closeness Coefficient (CC), and (iii) robustness evaluation using 

sensitivity analysis and Monte Carlo simulation to assess ranking stability under weight perturbations 

[2], [3], [6], [28], [30]. This work aims to improve objectivity and traceability of selection decisions, 

provide reproducible ranking outputs, and strengthen trust in the DSS recommendations through explicit 

robustness testing. Therefore, the objective of this study is to develop and validate a web-based DSS 

that produces transparent candidate rankings and evaluates ranking robustness under criteria-weight 

uncertainty. From an Informatics and Computer Science perspective, the proposed DSS operationalizes 

fuzzy-MCDM algorithms into an auditable, reproducible, and explainable decision pipeline for 

academic operational management. 

2. METHOD 

This study applies a Decision Support System (DSS) framework to select laboratory assistant 

candidates in a more objective and transparent manner. The proposed method integrates the Fuzzy Best–

Worst Method (Fuzzy-BWM) to derive consistent criteria weights under assessment uncertainty and 

Fuzzy TOPSIS to rank candidates based on their closeness to the ideal solution. The integration of fuzzy-

BWM and fuzzy-TOPSIS has been shown to be effective across various multi-criteria selection and 

evaluation contexts, producing systematic and traceable weights and rankings [2], [3], [5]. In addition, 

this study incorporates sensitivity analysis and Monte Carlo simulation to evaluate the robustness of the 

ranking results against variations in criteria weights and assessment conditions [6]. The complete 

process is illustrated in Figure 1. 
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Figure 1. Research Methodology Stage 

2.1. Problem Identification 

In practice, laboratory assistant selection often faces challenges because candidate evaluation 

involves multiple interrelated criteria, such as academic performance (e.g., GPA), technical 

competence/skills, supporting evidence (certifications), and non-technical aspects assessed through 

interviews (e.g., communication, discipline, and commitment). When the process is conducted 

manually, assessments heavily depend on evaluators’ perceptions and the experience of decision-

makers, which may lead to subjectivity, inter-rater inconsistency, and limited traceability of the rationale 

behind the final selection outcomes. 

These issues become more pronounced as the number of applicants increases while laboratory 

operations demand timely yet accountable selection results. Without a structured evaluation mechanism, 

the selection process risks identifying candidates who do not adequately match practicum needs, which 

may ultimately affect practicum service quality (e.g., suboptimal technical support and reduced 

smoothness of practicum delivery). Studies on laboratory assistants also emphasize the importance of 

more standardized and well-documented selection procedures to maintain practicum quality and reduce 

potential managerial issues in assistant management [11], [12]. 

Therefore, a more systematic and measurable multi-criteria evaluation mechanism is required to 

enable decision-makers to compare candidates fairly based on the relative importance of each criterion. 

MCDM-based Decision Support Systems (DSS) are relevant for this purpose because they can process 

multiple criteria simultaneously, reduce subjective bias, and produce candidate rankings that are more 

consistent and defensible [12], [15]–[17]. In addition, ranking methods such as TOPSIS have been 

widely adopted in DSS applications due to their relatively transparent and interpretable ranking results 

across various contexts [13], [14]. 

To address these challenges, this study proposes a fuzzy-MCDM-based DSS by integrating the 

Fuzzy Best–Worst Method (Fuzzy-BWM) to derive more consistent criteria weights from expert 

judgments and Fuzzy-TOPSIS to rank candidates based on their closeness to the ideal solution [2], [3], 

[28]. Furthermore, to ensure that the recommendations are not fragile to small changes in weights or 

assessments, robustness is evaluated through sensitivity analysis and Monte Carlo simulation, consistent 

with robustness practices in modern TOPSIS and MCDM frameworks [6]. 

2.2. Literature Study 

A literature review was conducted to establish the theoretical foundations of Decision Support 

Systems (DSS) and Multi-Criteria Decision Making (MCDM), as well as to determine the most suitable 
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methodological approach for the laboratory assistant selection context. This study adopts a fuzzy-

MCDM integration because candidate evaluations are often expressed in linguistic terms and inherently 

involve uncertainty. 

The Fuzzy Best–Worst Method (Fuzzy-BWM) is selected for the weighting stage because it can 

derive criteria weights using a more concise set of pairwise comparisons while still emphasizing 

consistency, and it supports modeling linguistic judgments using fuzzy numbers [2], [3], [5]. 

Subsequently, Fuzzy-TOPSIS is employed for the ranking stage because it evaluates alternatives based 

on their closeness to the positive ideal solution and their distance from the negative ideal solution, 

resulting in a clear and transparent interpretation of the ranking outcomes [2], [3], [29], [30]. 

In addition, this study incorporates robustness evaluation through sensitivity analysis and Monte 

Carlo simulation to examine ranking stability under fluctuations in criteria weights. Such robustness 

assessment is important to reduce the risk of “fragile” decisions that can change substantially due to 

small variations in input parameters [6]. 

2.3. Data Collection 

Data collection in this study employed a multi-method approach that combines 

secondary/document analysis, expert interviews, and records review to ensure the reliability of inputs 

for the Fuzzy-BWM–Fuzzy-TOPSIS-based DSS framework. Secondary data analysis and records 

review were used to obtain candidate data and relevant supporting documents (e.g., GPA records, 

certification ownership, and recapitulated selection scores). Meanwhile, expert interviews were 

conducted to validate the suitability of criteria and assessment indicators with laboratory needs and to 

elicit expert preferences required for criteria weighting using Fuzzy-BWM [2], [3], [28]. 

The assessment criteria were defined based on laboratory requirements, laboratory assistant 

competency standards, and findings from observations and interviews with laboratory management at 

Universitas Nurdin Hamzah (UNH) Jambi. This study uses four main criteria: Competency Test (C1), 

Certification (C2), Grade Point Average (GPA) (C3), and Interview (C4). All criteria are treated as 

benefit criteria (i.e., higher values indicate better performance). The list of criteria, their types, and brief 

descriptions are presented in Table 1. 

 

Table 1. Laboratory Assistant Selection Criteria 

Code Criteria Type Description 

C1 Competency 

Test 

Benefit Assesses the 

candidate’s technical 

capability in 

accordance with 

laboratory needs 

C2 Certification Benefit Assesses ownership of 

relevant supporting 

certifications 

C3 GPA Benefit Assesses the 

candidate’s academic 

achievement based on 

GPA 

C4 Interview Benefit Assesses non-

technical aspects 

 

To improve assessment objectivity, each criterion is decomposed into sub-criteria/indicators so 

that candidate evaluation can be performed in a more detailed and measurable manner. In the system 

implementation, the sub-criteria are managed using codes SC1–SC11 to facilitate mapping between 

indicators and their parent criteria. The sub-criteria employed in this study are shown in Table 2. 
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Table 2. Sub Criteria Assessment Indicators 

Code Sub Criteria Type 

SC1 Conceptual Understanding Competency Test (C1) 

SC2 Code Implementation Competency Test (C1) 

SC3 Algorithmic Skills Competency Test (C1) 

SC4 Basic Security Competency Test (C1) 

SC5 Design Layout Competency Test (C1) 

SC6 Certification Certification (C2) 

SC7 GPA GPA (C3) 

SC8 Communication Skills Interview (C4) 

SC9 Motivation Interview (C4) 

SC10 Attitude/Personality Interview (C4) 

SC11 Readiness/Professionalism Interview (C4) 

 

Sub criteria were assessed using a linguistic scale Very Poor (VP), Poor (P), Medium (M), Good 

(G), and Very Good (VG) to represent the degree of candidate suitability for each indicator. These 

linguistic terms were subsequently mapped into fuzzy representations (e.g., triangular fuzzy numbers, 

TFNs) to model assessment uncertainty in the Fuzzy-BWM weighting stage and the Fuzzy-TOPSIS 

ranking stage [2], [3], [5]. The linguistic scale definitions used in this study are provided in Table 3. 

 

Table 3. Linguistic Scale and Assessment Ratings 

Code Linguistic Scale Description 

VP Very Poor Very low / highly unsuitable 

P Poor Low / unsuitable 

M Medium Moderate / fairly suitable 

G Good Good / suitable 

VG Very Good Very good / highly suitable 

 

The quantitative dataset for the ranking process was obtained from candidates who participated 

in the laboratory assistant selection during the study period and met the inclusion criteria—namely, 

candidates who passed administrative screening and had complete assessment data for criteria C1–C4 

(via sub-criteria SC1–SC11). Eligible candidates were treated as alternatives A1 to AN (where N 

corresponds to the number of candidates in the study period) and subsequently processed in the ranking 

stage using Fuzzy-TOPSIS. 

In addition to quantitative candidate data, qualitative data for criteria validation and weighting 

were obtained through structured interviews with experts using purposive sampling, selecting 

informants with direct authority and experience in assistant selection and management (e.g., laboratory 

coordinators and/or practicum course instructors). The interview protocol focused on: (1) validating 

criteria and sub-criteria to align with laboratory needs, and (2) eliciting expert preferences for weighting 

using Fuzzy-BWM—specifically determining the best and worst criteria, followed by assessing best-to-

others and others-to-worst comparisons using linguistic scales mapped into fuzzy numbers [2], [3], [28]. 

The resulting weights from the Fuzzy-BWM stage were then used as inputs for candidate ranking using 

Fuzzy-TOPSIS [2], [3]. 

2.4. Data Processing and Evaluation Procedure 

After data collection, the study proceeds through four sequential stages following the workflow 

in Figure 1. First, criteria weights are derived using the Fuzzy Best–Worst Method (Fuzzy-BWM). The 

expert determines the Best and Worst criteria and completes the best-to-others and others-to-worst 

comparisons using linguistic scales mapped into triangular fuzzy numbers (TFNs); the optimization 
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model is then solved to obtain fuzzy weights and defuzzified into crisp weights for subsequent ranking 

[2], [3], [5]. Second, candidate evaluations (SC1–SC11 aggregated under C1–C4) are processed using 

Fuzzy TOPSIS by constructing the fuzzy decision matrix, normalizing the matrix, applying the Fuzzy-

BWM weights, and computing each candidate’s distances to the fuzzy positive ideal solution (𝐃+) and 

fuzzy negative ideal solution (𝐃−). The Closeness Coefficient (CC) is calculated as the main preference 

score and used to generate the final ranking [2], [3], [29], [30]. Third, robustness is assessed using 

sensitivity analysis by increasing one selected criterion weight by a fixed proportion (e.g., +10%) while 

proportionally adjusting the remaining weights to keep the total equal to 1, then re-running Fuzzy 

TOPSIS to observe changes in CC values and rank order [6]. Fourth, Monte Carlo simulation is 

performed by repeatedly perturbing the baseline weight vector within a user-defined variation rate (r%) 

for N iterations; for each iteration, Fuzzy TOPSIS is recomputed and the stability of the results is 

summarized using rank-1 probability, mean rank, mean CC, and CC statistics (mean, standard deviation, 

minimum, maximum) [6]. 

The dataset consists of 30 eligible candidates from the laboratory assistant selection period in 

January 2026. Candidates are included only if they pass administrative screening and have complete 

assessment records for criteria C1–C4 (via SC1–SC11). Expert input for criteria validation and 

weighting is obtained from one respondent, namely the Head of Laboratory, selected using purposive 

sampling due to direct authority and experience in the selection process. To validate the computational 

correctness of the DSS, selected test cases are cross-checked by comparing the system outputs with 

manual calculations using the same inputs, ensuring consistent weights, CC values, and ranking results. 

The main inputs of the DSS are (i) expert judgments for B–O and O–W comparisons in Fuzzy-BWM 

and (ii) candidate performance ratings for SC1–SC11 represented by linguistic terms converted into 

TFNs. The main outputs are the final normalized criteria weights, the distances 𝐃+ and 𝐃−, the 

Closeness Coefficient (CC), the final candidate ranking, and robustness indicators from sensitivity 

analysis and Monte Carlo simulation (rank-1 probability, mean rank, and CC statistics). 

2.5. Fuzzy Best–Worst Method (Fuzzy BWM) 

The Fuzzy Best–Worst Method (Fuzzy-BWM) is used to determine the relative importance 

(weights) of the criteria in laboratory assistant selection. Fuzzy-BWM is selected because it can produce 

criteria weights with fewer comparisons than traditional pairwise approaches while explicitly modeling 

experts’ linguistic and uncertain judgments using fuzzy numbers [2], [3], [5], [28]. The strength of this 

method lies in employing two types of comparisons—best-to-others and others-to-worst—which tends 

to yield more consistent weights. 

In this study, Fuzzy-BWM is implemented through the following steps. First, the decision 

problem is structured into the goal level (deriving criteria weights for selection), the criteria level (C1–

C4), and the alternative level (assistant candidates). Second, experts identify one criterion as the Best 

(B) (most important) and one criterion as the Worst (W) (least important). Third, criteria comparisons 

are elicited using linguistic assessments mapped into Triangular Fuzzy Numbers (TFNs) to form two 

fuzzy comparison vectors: best-to-others (B–O) and others-to-worst (O–W) [2], [3]. 

Formally, suppose there are 𝒏 criteria 𝑪 = {𝑪𝟏, 𝑪𝟐, … , 𝑪𝒏},  the fuzzy comparison vectors are 

defined as: 

𝑨𝑩̃ = (𝒂𝑩𝟏̃, 𝒂𝑩𝟐̃, … , 𝒂𝑩𝒏̃) 

𝑨𝑾̃ = (𝒂𝟏𝑾̃, 𝒂𝟐𝑾̃, … , 𝒂𝒏𝑾̃) 

where 𝒂𝑩𝒋̃ denotes the fuzzy preference of the Best criterion over criterion 𝒋, and 𝒂𝒋𝑾̃  denotes 

the fuzzy preference of criterion 𝒋 over the Worst criterion [2], [3], [28]. 
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After forming the B–O and O–W vectors, the fuzzy weight of each criterion 𝒘𝒋̃ = (𝒍𝒋, 𝒎𝒋, 𝒖𝒋) is 

obtained by solving an optimization model that minimizes the maximum consistency deviation (𝛏̃) 

between the B–O and O–W comparisons. Conceptually, the desired relationships are: 

𝒘𝑩̃

𝒘𝒋̃
≈ 𝒂𝑩𝒋̃ 

𝒘𝒋̃

𝒘𝑾̃
≈ 𝒂𝒋𝑾̃ 

Thus, the resulting weights are the most stable with respect to expert preferences [2], [3], [5], 

[28]. The fuzzy weights are then defuzzified to obtain crisp weights for subsequent use in Fuzzy-

TOPSIS. A commonly used defuzzification approach is the mean of TFN components: 

𝒘𝒋 =
𝒍𝒋 + 𝒎𝒋 + 𝒖𝒋

𝟑
 

The weights are then normalized to satisfy ∑ 𝑤𝑗
𝑛
𝑗=1 = 1. To ensure the reliability of expert 

judgments, the weighting results are evaluated using the Fuzzy Consistency Ratio (FCR). If the 

consistency value does not meet the specified acceptance threshold, the B–O and O–W judgments 

should be revised until an acceptable level of consistency is achieved [2], [3], [28]. The final consistent 

weights are subsequently used in the candidate ranking stage using Fuzzy-TOPSIS [2], [3]. 

2.6. Fuzzy Technique for Order Preference by Similarity to Ideal Solution (Fuzzy TOPSIS) 

Fuzzy-TOPSIS is used to rank candidates based on their closeness to the Fuzzy Positive Ideal 

Solution (FPIS/A^+) and their distance from the Fuzzy Negative Ideal Solution (FNIS/A⁻). This 

approach is suitable for multi-criteria selection problems involving linguistic and uncertain assessments 

because alternative performance values are represented using fuzzy numbers (e.g., TFNs) [2], [3]. In 

this study, the criteria weights 𝒘𝒋 obtained from Fuzzy-BWM are used as inputs for the Fuzzy-TOPSIS 

ranking process [2], [3]. 

The fuzzy decision matrix is denoted by 𝐗̃ = [𝐱𝐢𝐣̃], where 𝐱𝐢𝐣̃ = (𝐥𝐢𝐣, 𝐦𝐢𝐣, 𝐮𝐢𝐣) is the TFN for 

alternative−𝐢 under criterion−𝐣. The first step is to normalize the fuzzy decision matrix. For benefit 

criteria, normalization is defined as [2], [3]: 

𝒓𝒊𝒋̃ = (
𝒍𝒊𝒋

𝒖𝒋
∗ ,

𝒎𝒊𝒋

𝒖𝒋
∗ ,

𝒖𝒊𝒋

𝒖𝒋
∗ ) ,  𝒖𝒋

∗ = 𝐦𝐚𝐱
𝒊

(𝒖𝒊𝒋) (1) 

For cost criteria, normalization is performed by reversing the ratio relative to the minimum value 

(smaller is better) [2], [3]: 

𝒓𝒊𝒋̃ = (
𝒍𝒋

−

𝒖𝒊𝒋
,

𝒍𝒋
−

𝒎𝒊𝒋
,

𝒍𝒋
−

𝒍𝒊𝒋
) ,  𝒍𝒋

− = 𝐦𝐢𝐧
𝒊

(𝒍𝒊𝒋) (2) 

Next, the weighted normalized fuzzy matrix is constructed by multiplying the normalized fuzzy 

values by the criteria weights w_j (from Fuzzy-BWM): 

𝒗𝒊𝒋̃ = 𝒘𝒋 ⊗ 𝒓𝒊𝒋̃ = (𝒘𝒋𝒍𝒊𝒋
′ ,  𝒘𝒋𝒎𝒊𝒋

′ ,  𝒘𝒋𝒖𝒊𝒋
′ ) (3) 

Where 𝐫𝐢𝐣̃ = (𝐥𝐢𝐣
′ , 𝐦𝐢𝐣

′ , 𝐮𝐢𝐣
′ ) 

The FPIS and FNIS are then determined from 𝐕̃ = [𝐯𝐢𝐣̃] as follows [2], [3]: 
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𝑨+ = {𝒗𝟏
+̃, 𝒗𝟐

+̃, … , 𝒗𝒏
+}̃, 𝒗𝒋

+̃ = 𝐦𝐚𝐱
𝒊

(𝒗𝒊𝒋̃) (4) 

𝑨− = {𝒗𝟏
−̃, 𝒗𝟐

−̃, … , 𝒗𝒏
−}̃, 𝒗𝒋

−̃ = 𝐦𝐢𝐧
𝒊

(𝒗𝒊𝒋̃) (5) 

For benefit criteria, 𝐯𝐣
+̃ is taken as the maximum value and 𝐯𝐣

−̃ as the minimum value; the opposite 

applies to cost criteria [2], [3]. 

After obtaining FPIS and FNIS, the distance of each alternative to 𝐀+and 𝐀− is computed. The 

distance between two TFNs 𝐚̃ = (𝐥𝐚, 𝐦𝐚, 𝐮𝐚) and 𝐛̃ = (𝐥𝐛, 𝐦𝐛, 𝐮𝐛) can be calculated using the vertex 

method (Euclidean distance across three points) [2], [3]: 

𝒅(𝒂̃, 𝒃̃) = √
(𝒍𝒂−𝒍𝒃)𝟐+(𝒎𝒂−𝒎𝒃)𝟐+(𝒖𝒂−𝒖𝒃)𝟐

𝟑
 (6) 

Hence, the distances of alternative −𝐢  to FPIS and FNIS are: 

𝑫𝒊
+ = ∑ 𝒅(𝒗𝒊𝒋̃, 𝒗𝒋

+̃)𝒏
𝒋=𝟏  (7) 

𝑫𝒊
− = ∑ 𝒅(𝒗𝒊𝒋̃, 𝒗𝒋

−̃)𝒏
𝒋=𝟏  (8) 

Finally, the closeness coefficient for each alternative is computed as: 

𝑪𝑪𝒊 =
𝑫𝒊

−

𝑫𝒊
++𝑫𝒊

− (9) 

The best alternative is the one with the highest 𝐂𝐂𝐢 as it is closest to FPIS and farthest from FNIS 

[2], [3]. This approach is widely used in fuzzy-MCDM selection and assessment problems due to its 

transparent and interpretable ranking results [29], [30]. 

2.7. Sensitivity Analysis of Criteria Weights 

Sensitivity analysis is conducted to evaluate the stability of candidate rankings under changes in 

criteria weights. This test is important because, in practice, criteria weights may fluctuate due to 

differences in expert perceptions, changes in laboratory policies, or shifts in the selection context. 

Sensitivity analysis helps determine whether the resulting decision is robust or instead fragile—i.e., 

easily altered by small changes in weights [6]. 

In this study, the baseline weight vector 𝒘 = (𝒘𝟏, … , 𝒘𝒏) is obtained from Fuzzy-BWM and 

used in Fuzzy-TOPSIS to produce the closeness coefficient (𝐂𝐂𝐢) and candidate rankings. Sensitivity 

scenarios are then performed by increasing the weight of one criterion by 𝚫 (e.g., +10%) while 

proportionally adjusting the remaining criteria to keep the total weight equal to 1. In general, if the 

weight of criterion−𝐤 is increased to: 

𝐰𝐤
′ = 𝐰𝐤(𝟏 + 𝚫) (10) 

then the other weights (𝐣 ≠ 𝐤) are adjusted proportionally as: 

𝐰𝐣
′ = 𝐰𝐣 ⋅

𝟏−𝐰𝐤
′

𝟏−𝐰𝐤
 untuk 𝐣 ≠ 𝐤 (11) 

Thus, ∑ 𝐰𝐣
′𝐧

𝐣=𝟏 = 𝟏 remains satisfied. After obtaining the new weight vector 𝐰′ the Fuzzy-

TOPSIS procedure is recomputed to obtain 𝐂𝐂𝐢
′ and updated rankings. The observed changes include: 

(1) changes in 𝐂𝐂 , values and (2) changes in ranking order relative to the baseline. 
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This sensitivity analysis indicates whether top-ranked candidates remain stable across weight 

scenarios or whether rank reversal occurs (i.e., significant changes in ordering). Accordingly, sensitivity 

analysis serves as an initial robustness evaluation before conducting broader robustness testing through 

Monte Carlo simulation [6]. 

 

 

2.8. Monte Carlo Simulation 

Beyond the scenario-based sensitivity analysis, Monte Carlo simulation is applied to evaluate 

ranking stability when criteria weights vary repeatedly across many trials. Monte Carlo is relevant in 

the MCDM ecosystem because it can assess the risk of “fragile” decisions—rankings that change easily 

due to small input perturbations, particularly in weights [6]. 

In this simulation, the baseline weight vector 𝐰 = (𝐰𝟏, … , 𝐰𝐧) obtained from Fuzzy-BWM is 

treated as a reference point. The system then generates many new weight vectors 𝐰(𝐭) at iteration−𝐭 by 

introducing random variations around the baseline weights while maintaining the constraints 

∑ 𝐰𝐣
(𝐭)𝐧

𝐣=𝟏 = 𝟏 and 𝐰𝐣
(𝐭)

≥ 𝟎. In implementation, users can specify parameters such as the number of 

iterations 𝐍  and the weight variation rate 𝐫. Each sampled weight vector 𝐰(𝐭) is used to recompute 

Fuzzy-TOPSIS, producing 𝐂𝐂𝐢
(𝐭)

 values and candidate rankings for that iteration. 

The Monte Carlo outputs are summarized to assess decision stability, for example by examining: 

(1) how frequently a candidate appears in the top 𝐤 ranks, (2) the consistency of candidate positions 

(e.g., which candidate most frequently attains rank 1), and (3) the magnitude of ranking changes across 

iterations as an indicator of sensitivity to weight fluctuations. If the leading candidate remains dominant 

in most iterations, the decision is considered more robust. Conversely, frequent and substantial ranking 

changes imply that the selection results should be interpreted cautiously because they are sensitive to 

weight uncertainty [6]. 

Thus, Monte Carlo simulation functions as a repeated-trial robustness test that complements 

sensitivity analysis, ensuring that the laboratory assistant selection recommendation is not only optimal 

under a single set of weights but also stable under reasonable weight variations [6]. 

2.9. System Development 

The system was developed using the Waterfall model because the functional requirements could 

be defined from the outset and the development process was conducted in sequential stages [25], [27]. 

The development phases included requirements analysis, design, implementation, testing, and 

maintenance. 

During requirements analysis, the system was designed to support the management of laboratory 

assistant selection data, including candidate data, criteria C1–C4, sub-criteria SC1–SC11, and the VP–

VG linguistic rating scale as inputs for constructing fuzzy numbers. The system is required to generate 

outputs such as criteria weights, closeness coefficients, candidate rankings, and selection result 

summaries. 

The system design phase included database design and user interface (UI) design. To document 

functional requirements clearly, UML modeling—specifically a Use Case Diagram—was employed to 

describe system services and user interaction flows [25], [27]. 

Implementation was carried out by developing a web-based application using PHP and MySQL. 

The system integrates a Fuzzy-BWM computation module to derive criteria weights and perform 

consistency testing, as well as a Fuzzy-TOPSIS module to generate candidate rankings based on 

FPIS/FNIS using weights obtained from Fuzzy-BWM [2], [3]. To evaluate decision robustness, the 
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system also provides weight sensitivity analysis and Monte Carlo simulation features as robustness 

checks [6]. 

Testing was conducted to ensure computational correctness and system stability. Verification was 

performed by comparing system outputs against manual calculations on the same test data, accompanied 

by input validation and usability testing to ensure the system is easy to use and its outputs are 

trustworthy. 

Overall, the developed system integrates data processing, method computation, and result 

reporting into a single web-based application, thereby supporting a more objective and transparent 

laboratory assistant selection process. The system functionality, including user roles, is visualized in the 

Use Case Diagram shown in Figure 2. 

 

 
Figure 2. Use Case Diagram 

3. RESULTS 

This section presents the results of implementing the laboratory assistant selection DSS 

framework using the Fuzzy Best–Worst Method (Fuzzy-BWM) for criteria weighting, Fuzzy TOPSIS 

for candidate ranking, and robustness evaluation through sensitivity analysis and Monte Carlo 

simulation. In addition, the implementation of the proposed methods in a web-based system is 

demonstrated to support a more objective and transparent selection process. 

3.1. Criteria Weighting Results Using Fuzzy BWM 

The first stage of the analysis is to determine the importance weights of the laboratory assistant 

selection criteria using the Fuzzy Best–Worst Method (Fuzzy-BWM). This study considers four criteria: 

C1 (Competency Test), C2 (Certification), C3 (GPA), and C4 (Interview). Fuzzy-BWM is adopted 

because it requires only two types of comparisons (best-to-others and others-to-worst) while 

emphasizing judgment consistency and modeling uncertainty through fuzzy numbers (Triangular Fuzzy 

Numbers/TFNs). 
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In the reference-setting step, one criterion is designated as Best (most important) and one as Worst 

(least important) based on expert considerations. In this study, the Best criterion is C1 (Competency 

Test), while the Worst criterion is C4 (Interview). This selection forms the basis for constructing two 

comparison vectors: Best-to-Others (B–O) and Others-to-Worst (O–W). Figure 3 illustrates the expert’s 

reference-setting step in Fuzzy-BWM, where C1 (Competency Test) is selected as the Best criterion and 

C4 (Interview) as the Worst criterion. This Best–Worst identification is subsequently used to construct 

the Best-to-Others (B–O) and Others-to-Worst (O–W) comparison vectors as the main inputs for the 

Fuzzy-BWM optimization process. 

 

 
Figure 3. Selection of the Best Criterion (C1) and Worst Criterion (C4) in Fuzzy BWM 

 

After identifying the Best and Worst criteria (Figure 3), the expert provides linguistic judgments 

to express (i) the preference of the Best criterion over each of the other criteria (B–O) and (ii) the 

preference of each criterion over the Worst criterion (O–W). These linguistic judgments are then 

converted into Triangular Fuzzy Numbers (TFNs) (l, m, u) to capture uncertainty and reduce rigidity in 

human assessments. The conversion results for the B–O and O–W inputs are presented in Figure 4. 

 

 
Figure 4. Conversion of Linguistic Scales into TFNs for The B–O and O–W Comparisons. 

 

The TFN-based comparison vectors are then processed using a linear programming optimization 

model to derive the fuzzy weights for each criterion. The model searches for fuzzy weight solutions 

(wj,l, wj,m, wj,u) that satisfy normalization and fuzzy feasibility constraints while minimizing the 

consistency deviation with respect to the B–O and O–W comparisons. The optimization output 

(including the resulting deviation values βl, βm, andβu) is presented in Figure 5. 
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Figure 5. Linear Programming Solver Results for Fuzzy BWM (values of 𝛽𝑙 , 𝛽𝑚, 𝛽𝑢) 

 

The fuzzy weights produced by the solver are subsequently transformed into crisp weights so they 

can be used directly in the Fuzzy-TOPSIS ranking stage. In this study, defuzzification is performed 

using the Graded Mean Integration Representation (GMIR), calculated as (l + 4m + u)/6. The 

defuzzification process and the resulting crisp weights are presented in Figure 6. 

 

 
Figure 6. Defuzzification Process Using GMIR 

 

Based on the defuzzified results, the Competency Test (C1) has the highest weight (0.487654), 

indicating that technical capability is the primary consideration in the selection decision. The next most 

influential criterion is GPA (C3) with weight 0.213583, followed by Certification (C2) with weight 

0.178837. The Interview criterion (C4) has the lowest weight (0.119926), suggesting that interview 

performance plays a complementary role in supporting the final recommendation rather than acting as 

the dominant determinant. To ensure the reliability of the expert judgments and the resulting weights, a 

consistency evaluation is conducted using the Fuzzy Consistency Ratio (FCR). The weighting results 

are considered acceptable when the computed value satisfies the defined threshold (i.e., R(FCR) < 0.1). 

The system’s consistency checking output and the acceptance decision are shown in Figure 7. 

 

 
Figure 7. FCR Consistency Test in Fuzzy BWM and The Resulting Consistency Decision. 

 

Overall, the Fuzzy-BWM results confirm that the derived criteria weights are consistent and 

suitable to be used as input weights for the subsequent Fuzzy-TOPSIS ranking stage. 
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3.2. Fuzzy TOPSIS Ranking Results  

The next stage is candidate ranking using the Fuzzy Technique for Order Preference by Similarity 

to Ideal Solution (Fuzzy-TOPSIS). In this stage, the criteria weights obtained from Fuzzy-BWM 

(Subsection 3.1) are applied as input weights in the Fuzzy-TOPSIS calculations. The system computes 

each alternative’s distance to the fuzzy positive ideal solution (D+) and the fuzzy negative ideal solution 

(D−), and then calculates the Closeness Coefficient (CC) as the final preference score for determining 

the ranking order. A larger CC indicates that the candidate is closer to the ideal solution and is therefore 

preferred, while a smaller CC indicates a weaker alternative. Figure 8 summarizes the computed D+, 

D−, and CC values and the resulting ranking. 

 

 
Figure 8. Fuzzy TOPSIS Computation 

 

Based on Figure 8, the top-ranked candidate is Eka Melisa Pratiwi (Student ID 21112009) with 

D+ = 0.012973, D− = 0.630928, andCC = 0.979853. The second rank is Kasih Adinda S. (Student 

ID 21112001) with CC =  0.968307. Furthermore, M. Irfan Rahman (Student ID 24111007) and 

Muhammad Juzairi Safitli (Student ID 21111073) obtain identical values (D+ = 0.043015,  D− =

0.618138,  CC = 0.934940), indicating that more than one candidate can achieve the same preference 

score and thus have identical or very close ranking positions. To illustrate the distribution of preference 

scores across candidates, the system also provides a CC-based visualization (Figure 9). 

 

 
Figure 9. Ranking Visualization Based on The Closeness Coefficient 
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As shown in Figure 9, the top-ranked candidates have relatively high and closely clustered CC 

values, which then gradually decrease toward the lower-ranked candidates. This visualization highlights 

performance gaps among candidates and helps identify both dominant candidates and groups with 

similar preference levels. Overall, Fuzzy-TOPSIS provides an interpretable ranking by combining 

closeness to the positive ideal solution and distance from the negative ideal solution into a single 

preference score (CC). 

3.3. Sensitivity Analysis of Criteria Weights 

Sensitivity analysis is conducted to evaluate the robustness of the Fuzzy-TOPSIS ranking results 

against changes in criteria weights. This step is important because in real selection settings, weight 

values may shift due to differences in expert perceptions, policy adjustments, or changes in laboratory 

priorities. In this study, the sensitivity scenario is performed by increasing the weight of one selected 

criterion by +10% and proportionally adjusting the remaining criteria so that the total weight remains 

equal to 1. Figure 10 shows the sensitivity analysis input interface used to define the scenario. 

 

 
Figure 10. Sensitivity Analysis Input Interface 

 

In this scenario, the weight of C1 (Competency Test) is increased by +10%. The system 

recalculates the new scenario weight vector and presents a baseline-versus-scenario comparison to 

ensure transparency of the adjustment process. As shown in Figure 11, the baseline weight of C1 

increases from 0.487654 to 0.536419, while the remaining criteria weights decrease proportionally to 

maintain the normalization constraint ∑ 𝐰𝐣= 1. This confirms that the sensitivity test is performed under 

a fair and controlled weight-perturbation setting. 

 

 
Figure 11. Baseline vs Scenario Weight Comparison in Sensitivity Analysis. 

 

After obtaining the scenario weights, the system recomputes Fuzzy-TOPSIS to produce updated 

D+, D−,and CC values for all candidates. Figure 12 compares the baseline and scenario CC values. The 

results indicate that increasing the weight of the dominant criterion (C1) affects the CC values of most 

candidates, reflecting changes in the relative contribution of each criterion to the final preference score. 

Candidates with stronger performance on C1 tend to benefit when the weight of C1 is increased, while 

candidates whose strengths are concentrated in other criteria may experience relative declines. 
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Figure 12. Baseline vs Scenario CC Comparison 

 

To examine whether the weight change causes rank reversal, the system also visualizes ranking 

shifts between the baseline and the scenario. Figure 13 summarizes the direction and magnitude of 

ranking changes. The observed shifts indicate that the ranking outcome is sensitive to a +10% increase 

in the weight of C1, meaning that changes in the dominant criterion weight can substantially alter the 

ordering of candidates. 

 

 
Figure 13. Ranking Changes Baseline vs Scenario 

 

A detailed comparison of baseline versus scenario ranks and CC values is provided in Figure 14. 

The table highlights candidates who significantly rise or drop in the ranking under the scenario setting. 

These changes occur because increasing the weight of C1 amplifies its influence in the CC calculation, 

thereby favoring candidates who perform better on C1 relative to others. This sensitivity analysis 

provides initial evidence regarding which criteria have the strongest influence on the ranking and 

motivates the need for broader robustness testing using Monte Carlo simulation. 

 

 
Figure 14. Comparison of CC and Rankings (Baseline vs Scenario) 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5686


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3754-3774 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5686 

 

 

3769 

3.4. Monte Carlo Analysis 

Monte Carlo analysis is used to evaluate the stability (robustness) of Fuzzy-TOPSIS rankings 

under uncertainty in criteria weights. Unlike sensitivity analysis, which changes one criterion weight 

deterministically, Monte Carlo performs repeated randomized simulations by perturbing the criteria 

weights around the baseline values within a specified variation level. In each iteration, the weights are 

randomly varied with variation rate r and then normalized so that the total weight remains 1. Fuzzy-

TOPSIS is re-executed to obtain CC values and rankings for that iteration. Across all iterations, the 

system summarizes ranking stability using rank-1 probability, mean rank, and CC statistics. 

In this study, the simulation is run with N = 1000 iterations and a weight variation rate r = 10. 

After the simulation completes, the system performs internal validation checks to ensure basic 

constraints are satisfied (e.g., the number of eligible candidates is consistent, the rank-1 probabilities 

sum to 1, and all ranking positions remain within valid ranges). The results are presented through several 

outputs. First, Figure 15 shows the rank-1 probability plot, which represents each candidate’s probability 

of being ranked first across all iterations. In this scenario, Duta Pratama achieves P(rank = 1) =

1.0000, indicating that this candidate remains the top-ranked alternative in all simulated weight 

variations, which suggests strong robustness for the leading recommendation. 

 

 
Figure 15. Rank 1 Probability Plot 

 

Second, Figure 16 presents the mean-rank plot, which shows the average ranking position of each 

candidate across all iterations. A smaller mean rank indicates a better and more stable average position. 

 

 
Figure 16. Mean Rank Plot 

 

Third, Figure 17 shows the mean CC plot, which reports the average CC value for each candidate 

across all iterations. Higher mean CC values indicate that the candidate remains closer to the ideal 

solution even when the criteria weights vary randomly. 
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Figure 17. Mean Closeness Coefficient (CC) Plot 

 

Finally, Figure 18 reports CC statistics (mean, standard deviation, minimum, and maximum). The 

standard deviation of CC is used as an indicator of score stability; smaller standard deviation and 

narrower min–max ranges imply greater robustness under weight perturbations. 

 

 
Figure 18. Closeness Coefficient (CC) Statistics 

 

Overall, the Monte Carlo results indicate that the DSS recommendation is stable under repeated 

weight perturbations at the specified variation level. Candidates that consistently achieve high rank-1 

probability, low mean rank, and relatively small CC dispersion (std and min–max range) can be 

interpreted as robust choices. Therefore, the robustness evaluation complements the baseline Fuzzy-

TOPSIS ranking by providing probabilistic evidence of ranking stability under reasonable uncertainty 

in criteria weights. 
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4. DISCUSSION 

This study demonstrates that implementing a web-based Decision Support System (DSS) for 

laboratory assistant selection can improve assessment objectivity, transparency, and traceability 

compared with manual selection practices that are often prone to subjectivity and inconsistent 

documentation. The proposed framework integrates Fuzzy Best–Worst Method (Fuzzy-BWM) to obtain 

criteria weights under uncertainty and Fuzzy-TOPSIS to generate an interpretable ranking via the 

Closeness Coefficient (CC), and it further strengthens decision accountability through robustness 

evaluation using sensitivity analysis and Monte Carlo simulation. 

In the weighting stage, Fuzzy-BWM provides a compact and consistency-oriented mechanism to 

derive criteria weights using only Best-to-Others (B–O) and Others-to-Worst (O–W) comparisons, 

while representing expert judgments with fuzzy numbers to accommodate uncertainty [2], [3], [28], 

[30]. The resulting weights indicate that the Competency Test (C1) is the dominant criterion, followed 

by GPA (C3) and Certification (C2), while Interview (C4) serves as a supporting criterion. This 

weighting structure is reasonable for laboratory assistant selection, where technical capability is 

typically expected to be prioritized to ensure practicum effectiveness and operational readiness. 

In the ranking stage, Fuzzy-TOPSIS combines the weighted normalized performance values to 

compute each candidate’s distances to the fuzzy positive ideal solution and fuzzy negative ideal solution, 

summarizing both into a single CC score that is easy to interpret and communicate to decision-makers 

[2], [3], [30]. The ranking results show that the DSS produces measurable and explainable outputs, 

including D+, D−, and CC for each candidate, which improves transparency because the preference score 

can be traced back to the underlying criteria contributions. This interpretability aligns with the general 

motivation for applying TOPSIS-based ranking in DSS contexts where accountability and explainability 

are needed. 

Compared to prior laboratory assistant selection DSS studies that commonly employ conventional 

MCDM methods such as Weighted Product/WSM, ROC–WASPAS, AHP–SMART, or ELECTRE, the 

proposed approach provides two added advantages: (1) explicit modeling of linguistic uncertainty 

through fuzzy representations, and (2) a compact but consistency-focused weighting scheme through 

BWM [12], [15]–[17]. Conventional approaches can produce rankings effectively, but they may rely on 

crisp inputs or may not explicitly capture uncertainty when assessments are expressed linguistically, 

which can reduce realism in settings where evaluators use qualitative judgments [12], [15]–[17]. By 

integrating fuzzy modeling and a consistent weighting mechanism, the proposed DSS improves 

methodological suitability for real selection conditions where uncertainty and subjectivity are 

unavoidable [2], [3], [28], [30]. 

A key novelty of this study is the explicit robustness evaluation of ranking stability using 

sensitivity analysis and Monte Carlo simulation. Sensitivity analysis shows how rankings can shift when 

a dominant weight is increased, highlighting potential rank reversal and indicating that rankings may be 

sensitive to weight changes in certain scenarios [6]. Monte Carlo simulation complements this by 

providing probabilistic evidence of stability across many randomized perturbations of the weight vector, 

summarized through rank-1 probability, mean rank, mean CC, and CC dispersion statistics [6]. This 

robustness layer is important because criteria weights may vary due to differences in expert perception 

or policy changes, and decisions that are stable under such perturbations are more trustworthy for 

operational implementation [6]. Therefore, beyond producing a ranking, the DSS provides decision-

makers with additional evidence about how reliable the ranking is under uncertainty in weights. 

From an Informatics and Computer Science perspective, this work contributes a practical 

integration of fuzzy-MCDM algorithms into a computerized, auditable DSS workflow that supports 

reproducible and transparent decision-making in academic operational management. The system 

operationalizes the end-to-end process from data management (criteria, sub-criteria, linguistic ratings) 
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to automated computation and robustness evaluation, demonstrating how algorithmic decision support 

can reduce subjectivity while providing traceable and explainable outputs suitable for institutional use. 

Despite these contributions, this study has limitations. First, the criteria weighting relies on expert 

judgment, which may introduce bias depending on the expert’s experience and perspective, even though 

Fuzzy-BWM is designed to improve consistency [2], [3], [28]. Second, the dataset is limited to one 

selection period and one institutional context, which may affect generalizability. Future studies can 

involve multiple experts (group decision-making), expand criteria sets, and validate the model across 

different periods and laboratories to strengthen external validity and reduce dependence on a single 

expert’s preferences. 

5. CONCLUSION 

This study developed and implemented a web-based Decision Support System (DSS) for 

laboratory assistant selection by integrating Fuzzy Best–Worst Method (Fuzzy-BWM) for criteria 

weighting and Fuzzy TOPSIS for candidate ranking. The system produces objective and traceable 

outputs in the form of normalized criteria weights, D+, D−, and the Closeness Coefficient (CC), enabling 

transparent and reproducible ranking recommendations. In addition, robustness evaluation through 

sensitivity analysis and Monte Carlo simulation provides evidence of ranking stability under weight 

perturbations, supporting more accountable decision-making when criteria importance may fluctuate. 

From an Informatics and Computer Science perspective, this work demonstrates how fuzzy-MCDM 

algorithms can be operationalized into an auditable computerized DSS that improves transparency, 

consistency, and documentation quality in academic operational management. 

For future work, the model can be extended by involving multiple experts (group decision-

making), expanding evaluation criteria, and validating the DSS across multiple selection periods and 

laboratory contexts to strengthen generalizability. Further comparisons with alternative MCDM or 

fuzzy/probabilistic ranking methods may also be explored to enhance flexibility and robustness. 
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