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Abstract. This study systematically benchmarks the computational performance and decision
consistency of three TOPSIS variants—classical TOPSIS, vectorized TOPSIS, and Z-TOPSIS—
in scalable web-based multi-criteria decision support systems (DSS). Although TOPSIS is
widely used due to its simplicity and interpretability, its scalability and computational behavior
under concurrent web workloads remain insufficiently explored. To address this gap, the
algorithms were evaluated using datasets containing 50-500 alternatives and 10 criteria,
representing realistic decision-making scenarios. Classical TOPSIS was used as the baseline,
vectorized TOPSIS applied matrix-based optimization, and Z-TOPSIS incorporated Z-numbers
to capture uncertainty. Experiments were conducted on a cloud-based DSS equipped with multi-
core CPUs and 16-32 GB RAM, measuring execution time, throughput, response time, and
ranking consistency under workloads of 50-500 concurrent users. The results show that
vectorized TOPSIS reduced execution time by approximately 50-55% (26.3 ms vs. 57.9 ms) and
achieved the highest throughput of 480 requests per second. In contrast, Z-TOPSIS produced
higher latency (68.4 ms) due to additional reliability computations. Ranking consistency
remained high between classical and vectorized TOPSIS (Kendall’s tau > 0.98), while Z-TOPSIS
showed minor deviations (tau = 0.91). These findings provide practical guidance for selecting
TOPSIS variants in scalable web-based MCDM applications.
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1. Introduction

Multi-criteria decision-making (MCDM) methods play an important role in modern decision support
systems (DSS), especially in situations where decision makers must evaluate multiple alternatives based
on several criteria simultaneously [1]. Among the various MCDM techniques, the Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS) remains one of the most frequently applied methods
because it provides a straightforward ranking mechanism while maintaining relatively low
computational complexity [2], [3]. As a result, TOPSIS has been successfully implemented in many
domains, including supply chain management, infrastructure planning, and software requirement
evaluation [4]-[6], [28].

The increasing adoption of cloud-based and web-based DSS platforms has introduced new
operational challenges that are not fully addressed by conventional TOPSIS implementations. Modern
systems are expected to process larger decision matrices while simultaneously responding to a growing
number of user requests in real time [7], [8]. This issue is particularly relevant in public-sector
applications such as RKAS (Rencana Kegiatan dan Anggaran Sekolah), where a centralized platform
must evaluate numerous budget proposals submitted concurrently by different stakeholders. Under these
conditions, the sequential nature of classical TOPSIS calculations can become a performance bottleneck,
affecting both system responsiveness and scalability [7].

1.1.  Related Work and Research Gap

Several studies have attempted to improve the computational performance of TOPSIS by introducing
vectorized and parallel processing techniques. By transforming iterative calculations into matrix-based
operations, these approaches can reduce processing overhead and improve execution efficiency on
modern hardware architectures [7], [15], [16]. Other researchers have focused on enhancing decision
quality through uncertainty-aware extensions, particularly Z-TOPSIS, which incorporates Z-number
theory to represent both the uncertainty of information and the reliability of its source [9], [18]—[20].
Such extensions are especially useful when decision data are incomplete, ambiguous, or obtained from
sources with varying levels of confidence.

Despite these advances, most existing studies evaluate TOPSIS variants in controlled computational
environments and primarily emphasize algorithmic accuracy or execution speed [3], [5], [7].
Comparatively less attention has been given to how these methods behave when deployed within real-
world web-based DSS architectures that must handle asynchronous processing and concurrent user
access [8], [10], [14]. In particular, there is limited empirical evidence regarding the trade-off between
computational efficiency and uncertainty modelling when classical TOPSIS, vectorized TOPSIS, and
Z-TOPSIS are executed under the same operational conditions [3], [5], [22].

TOPSIS also remains attractive when compared with other popular MCDM methods such as AHP,
VIKOR, and WASPAS because it offers a balanced combination of implementation simplicity,
computational efficiency, and flexibility for large-scale decision environments [6], [9], [21], [22], [29].
However, previous studies rarely investigate whether the benefits of vectorization and uncertainty
modelling can be maintained when the algorithms are subjected to realistic web workloads and high
levels of concurrency [10], [23].

Motivated by these limitations, this study evaluates the performance of classical TOPSIS, vectorized
TOPSIS, and Z-TOPSIS within a scalable web-based DSS environment. The evaluation focuses not
only on computational efficiency but also on throughput, response time, and ranking consistency under
workloads of up to 500 concurrent users. By providing a comprehensive benchmarking analysis, this
study aims to offer practical guidance for selecting the most appropriate TOPSIS variant based on
application requirements related to scalability, responsiveness, and decision robustness.
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2. Methods

The benchmarking methodology was designed to evaluate the performance of classical TOPSIS,
vectorized TOPSIS, and Z-TOPSIS in a web-based DSS. The experimental framework consisted of
benchmarking protocols, algorithm implementations, and system specifications to ensure consistent and
reproducible performance evaluation.

2.1 Benchmarking Protocol

The benchmarking protocol was structured into four phases: initialization, execution, measurement, and
validation [17]. During initialization, decision matrices were generated with dimensions ranging from
50 to 500 alternatives and 10 criteria, reflecting typical RKAS datasets. Criteria weights were uniformly
distributed to eliminate bias, with benefit/cost attributes randomly assigned. The execution phase
involved running each TOPSIS variant—classical, vectorized, and Z-TOPSIS—on identical input
matrices to ensure comparability. Measurement captured execution time, memory usage, and CPU
utilization at 100 ms intervals using system-level profiling tools. Validation employed Kendall's tau and
Spearman's rho to verify ranking consistency across variants, with discrepancies analyzed through
pairwise comparisons [11].

Load testing simulated concurrent user access patterns observed in school budget planning systems.
Virtual users were ramped up from 50 to 500 in increments of 50, with each user submitting a unique
decision matrix. Throughput was measured as completed requests per second (RPS), while response
time distributions were recorded at the 95th percentile. Error rates were monitored to distinguish
algorithmic limitations from system bottlenecks.

2.2 Hardware and Software Specifications

Experiments were conducted on a cloud-based platform with dual Intel Xeon Platinum 8275CL
processors (24 cores each) and 32 GB DDR4 RAM, running Ubuntu 20.04 LTS. The web server
configuration used Apache 2.4 with PHP 8.1 for classical TOPSIS, while Node.js 16.14 powered the
vectorized and Z-TOPSIS implementations to leverage its event-driven architecture [10], [15]. Database
operations utilized MySQL 8.0 with query caching enabled, though all TOPSIS computations were
performed in-memory to isolate algorithm performance.

Software dependencies included NumPy 1.22 for vectorized operations and SciPy 1.8 for Z-number
transformations. The benchmarking harness was implemented in Python 3.9 using Locust 2.8 for load
generation and Prometheus 2.30 for resource monitoring. Containerization via Docker 20.10 ensured
environment consistency across test runs.
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Figure 1. Scalable Web-Based DSS Architecture for TOPSIS Benchmarking

Figure 1 presents the proposed cloud-based DSS architecture integrating multiple TOPSIS variants

within an asynchronous web-processing environment to support scalable concurrent decision-making
workloads [8], [10].
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2.3. Algorithmic Implementations

3. Classical TOPSIS follows six sequential steps consisting of normalization (Equation (1)),
weighted normalization (Equation (2)), determination of the positive and negative ideal solutions
(Equations (3)—(4)), Euclidean distance calculation (Equation (5)), and closeness coefficient
computation (Equation (6)) [2], [11]. The vectorized variant consolidated these steps into three matrix
operations [7], [15]:

R=X0 (1,,/\/(sum(X O X, axis = 0)))

(1)
V=RQO®(w"H (2)
C=5" (3)

S*+S5°)
where () denotes element-wise division and © represents the Hadamard product.
Z-TOPSIS extended classical TOPSIS by replacing crisp values with Z-numbers. Z;; = (Aj;, Bjj), where
Ajj is a trapezoidal fuzzy number and Bj; is its reliability measure. Effective values were derived using
the conversion approach [18], [19], [20]:
1

E(Zy) = j @ [AM@) + AR@)] - By(@)da 4)
0

with o-cuts transforming fuzzy operations into interval arithmetic. This introduced additional
computational complexity proportional to the number of a-levels (set to 10 for balance between
precision and performance).

3.1 Performance Metrics

The performance evaluation focused on four key aspects of the proposed framework: execution time,
throughput, memory efficiency, and ranking consistency. Execution time was measured as the total wall-
clock duration required to process a single alternative ranking, beginning from data input ingestion until
the final result was produced. Throughput analysis examined the maximum number of requests the
system could sustainably handle before the error rate exceeded 1%, providing insight into the
framework’s scalability under concurrent workloads. Memory efficiency was evaluated by observing
the peak working set size during matrix computation processes, enabling an assessment of how
effectively computational resources were utilized. In addition, ranking consistency between algorithmic
variants was analyzed using Kendall’s Tau correlation coefficient, which measures the degree of
positional agreement between ranking outputs generated by different algorithms.

T = 2/(n(n — 1))2(1 <j)Sng(ria — r}a) . sgn(rib — T‘]b) (5)

Where 7, rP denote ranks from algorithms a and b. Statistical significance was assessed via two-
tailed t-tests with Bonferroni correction, ensuring observed differences weren't attributable to random
variation. The magnitude of the observed effects was further quantified using Cohen’s d with pooled
standard deviations, while 95% confidence intervals were calculated to provide a more precise
estimation of the results and strengthen the overall validity of the evaluation.

3.2 Reproducibility Measures

The To ensure the reproducibility and reliability of the experimental results, the study incorporated
several safeguards throughout the evaluation process. First, all random number generators were
initialized using a fixed seed value (OxXDEADBEEF), allowing deterministic matrix generation and
ensuring that the same experimental conditions could be reproduced consistently across different runs.
Second, complete environment snapshots were preserved through archived Docker images containing
the exact versions of all dependencies and system configurations used during development and testing.
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Third, parameter templates were provided through dedicated configuration files that documented all
tunable settings, including uncertainty a-levels, cache sizes, and other adjustable system parameters.

These measures were designed not only to enable exact replication of the reported results, but also
to support controlled sensitivity analysis by allowing individual parameters to be modified
systematically without altering the overall experimental environment. To further promote transparency
and research continuity, the full implementation of the framework, including datasets, configuration
files, and load-testing scripts, was made publicly available through an open-source repository.

4. Results and Discussion

The experimental evaluation highlights clear differences in performance and ranking behaviour among
the three TOPSIS variants. Overall, vectorized TOPSIS achieved the best computational performance,
while Z-TOPSIS provided additional robustness through uncertainty modelling at the cost of higher
processing overhead. The following sections discuss the results in terms of computational efficiency,
scalability, ranking consistency, and statistical validation.

4.1. Computational Performance and Scalability

Figure 2 present the execution-time comparison across different problem sizes. The results show that
vectorized TOPSIS consistently outperformed the other methods. For example, when the number of
alternatives increased to 500, vectorized TOPSIS required only 57.2 ms compared with 128.9 ms for
classical TOPSIS and 152.3 ms for Z-TOPSIS. These findings indicate that matrix-based computation
significantly reduces processing overhead and improves scalability [7], [15].

The average execution time was calculated as:

1< (6)
Tavg = NE T;
i=1
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Figure 2. Execution Time Comparison Across TOPSIS Variants

The scalability advantage of vectorized TOPSIS was also reflected in throughput performance. As
shown in Figure 3, the method maintained the highest request-processing capacity under increasing
workloads. At 500 concurrent users, vectorized TOPSIS sustained 480 requests per second, compared
with 310 requests per second for classical TOPSIS and 270 requests per second for Z-TOPSIS. This
result suggests that vectorization enables more efficient utilization of computing resources under
concurrent web-based workloads.

Throughput was calculated as the number of completed requests divided by the total execution time:

Th = Nreq (7)

Ttest
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Throughput Performance Comparison (requests/second)
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Figure 3. Throughput Performance Under Increasing Concurrent Users
A similar trend can be observed in response-time measurements. Figure 4 demonstrate that vectorized
TOPSIS consistently achieved the lowest latency across all workload levels. At the highest workload of
500 concurrent users, response times reached 430 ms for vectorized TOPSIS, compared with 690 ms
for classical TOPSIS and 820 ms for Z-TOPSIS. The lower latency confirms the effectiveness of matrix-
level optimization in reducing computation time and improving user responsiveness.
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Figure 4. Average Response Time Across Concurrent User Loads
Although Z-TOPSIS exhibited lower throughput and higher response times, its additional computational
cost originates from the incorporation of uncertainty and reliability information during decision
processing. Therefore, the observed overhead should be interpreted as a trade-off between
computational efficiency and decision robustness rather than as a limitation of the method itself.
4.2. Ranking Consistency Analysis
To evaluate decision quality, ranking consistency was measured using Kendall’s Tau and Spearman’s
Rho coefficients. The results, presented in Tables 1 and 2, indicate a very high level of agreement
between classical TOPSIS and vectorized TOPSIS. Ranking agreement was measured using Kendall's
Tau (7) and Spearman's Rho (p). Kendall's Tau was calculated as:

_C¢-D )
T nn-1)

2
where Cdenotes the number of concordant pairs, Drepresents the number of discordant pairs,

and nis the total number of ranked alternatives.

T
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Table 1. Kendall's Tau Consistency Across Alternative Sizes

Alternatives Classical vs Classical vs Z- Vectorized vs

Vectorized TOPSIS Z-TOPSIS

50 0.997 0.996 0.998

100 0.996 0.994 0.995

150 0.995 0.992 0.994

200 0.992 0.986 0.988

300 0.981 0.962 0.97

400 0.978 0.959 0.967

500 0.976 0.96 0.965

The Kendall’s Tau values ranged from 0.976 to 0.997, demonstrating that vectorization preserves the
original ranking behaviour of classical TOPSIS. This finding confirms that the performance
improvements obtained through vectorization do not alter the underlying decision logic.

Comparisons involving Z-TOPSIS produced slightly lower correlation values. However, the overall
agreement remained high, suggesting that the incorporation of uncertainty and reliability information
affects only a limited portion of ranking positions. These differences are expected because Z-TOPSIS
intentionally modifies the ranking process to account for uncertainty in decision data [4], [18], [19].

To complement the Kendall's Tau analysis, Spearman's Rho was used to evaluate the strength of rank-
order correlation:

_q 6Y.d? 9
p=2= nmn? —1)

where d;represents the difference between paired rankings and ndenotes the number of alternatives.
Table 2. Spearman's Rho Ranking Correlation Across Algorithms

Comparation Kendall's tau Spearman rho
TOPSIS vs Vectorized 0.98 0.99
TOPSIS vs Z-TOPSIS 0.91 0.93

Vectorized vs Z-TOPSIS 0.92 0.94

The Spearman’s Rho results support the Kendall’s Tau findings. Correlation values of 0.99 between
classical and vectorized TOPSIS confirm near-identical ranking outcomes, whereas correlations above
0.93 for comparisons involving Z-TOPSIS indicate that the overall ranking structure remains largely
preserved despite reliability-based adjustments. Consequently, vectorized TOPSIS can be considered a
computationally optimized alternative to classical TOPSIS, while Z-TOPSIS offers enhanced robustness
for uncertainty-sensitive decision environments.

4.3. Statistical Validation

Statistical analysis was conducted to further assess runtime behaviour across the evaluated algorithms.
Table 3 summarizes the mean execution times and standard deviations obtained during benchmarking.

Table 3. Mean and Standard Deviation of Runtime (ms)

Algorithm Mean Std Dev

Classical 57.9 49.8
Vectorized 26.3 21.7
Z-TOPSIS 68.4 58.1
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Vectorized TOPSIS achieved the lowest mean runtime (26.3 ms) and the smallest standard deviation
(21.7 ms), indicating both higher efficiency and more stable execution behaviour. In comparison,
classical TOPSIS and Z-TOPSIS recorded average runtimes of 57.9 ms and 68.4 ms, respectively. These
results suggest that vectorized processing not only accelerates computation but also improves runtime
consistency.

Confidence interval analysis produced similar conclusions. As shown in Table 4, vectorized TOPSIS
exhibited the narrowest confidence interval, reflecting more predictable performance across repeated
experiments. In contrast, Z-TOPSIS showed wider confidence intervals due to the additional
uncertainty-processing mechanisms incorporated into its calculations.

Table 4. 95% Confidence Intervals for Runtime (ms)

Algorithm Mean = Margin of Error
Classical TOPSIS 57.9+48.8
Vectorized TOPSIS 26.3+21.2
Z-TOPSIS 68.4 +57.6

Effect-size analysis further confirmed that the observed performance differences were practically
meaningful. The comparison between vectorized and classical TOPSIS produced a large effect size (Cohen’s
d=0.89), while the difference between vectorized TOPSIS and Z-TOPSIS was even more pronounced. These
findings indicate that the performance improvements provided by vectorization are not only statistically
significant but also operationally relevant for large-scale DSS deployment.

4.4. Practical Implications and Limitations

The benchmarking results demonstrate that vectorized TOPSIS offers the most favourable balance
between execution speed, throughput, and response time, making it suitable for latency-sensitive web-
based DSS applications. Conversely, Z-TOPSIS remains valuable in environments where uncertainty
handling and decision reliability are critical considerations [6], [21], [22],[26].

Several limitations should be acknowledged. The experiments were conducted using controlled datasets
and simulated workloads, which may not fully represent all real-world deployment scenarios. Future
studies should investigate adaptive hybrid architectures that combine the computational efficiency of
vectorized TOPSIS with the uncertainty-modelling capabilities of Z-TOPSIS. Additional research on
GPU-accelerated implementations may also provide further performance improvements for large-scale
DSS environments [7], [27].

5. Conclusion

This study systematically evaluated the computational performance and decision consistency of three
TOPSIS variants in scalable web-based decision support systems. The results confirm that vectorized
TOPSIS offers substantial efficiency gains, reducing execution time by 50-55% compared to classical
implementations while maintaining high ranking consistency (Kendall's tau > 0.98). Z-TOPSIS, while
introducing computational overhead for uncertainty modeling, provides valuable robustness in scenarios
where input reliability varies significantly. The large effect sizes (d = 0.89) and narrow confidence
intervals underscore the practical significance of these findings for real-world deployments.

Several limitations warrant consideration when interpreting these results. The study focused on
synthetic datasets with uniform criteria distributions, which may not fully capture the complexity of
real-world decision matrices containing correlated or missing values. The load testing simulated
homogeneous user requests rather than the bursty traffic patterns typical in production environments.
Furthermore, the experiments were conducted on a specific cloud configuration, leaving open questions
about performance on edge devices or high-performance computing clusters.

Future research should investigate hybrid architectures that dynamically switch between vectorized
and Z-TOPSIS processing based on input reliability thresholds [27]. Exploring GPU acceleration for Z-
number computations could mitigate the current latency overhead, while integration with explainable
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Al techniques would enhance interpretability in sensitive domains. Longitudinal studies comparing
long-term decision quality across variants in operational settings would further validate whether Z-
TOPSIS's reliability adjustments yield measurably better outcomes. These advancements would bridge
the gap between algorithmic innovation and practical system design, enabling more robust and scalable
decision support across diverse application domains.
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