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Abstract of Praxis

Evaluating MCDM Methodologies for Data Integration Tool Selection: A

Comparative Study of COPRAS and NR-TOPSIS

In the era of big data, selecting the right data integration tool is crucial for or-

ganizations that wish to harness the full potential of the vast amount of data. This

research explores the application of Multi-Criteria Decision-Making (MCDM) frame-

work, specifically COPRAS and NR-TOPSIS, to guide the selection process of data

integration tools. Based on data collected from mobile crowd computing resources,

the research conducts a series of experiments to evaluate the consistency and stability

of the selected MCDM methods across a variety of decision-making contexts.

Findings indicate that COPRAS, in conjunction with the entropy weighting method,

provides a more stable, intuitive, and accurate framework compared to NR-TOPSIS,

especially in rank coherence, sensitivity to criteria weight changes, and rank reversal

scenarios. The research validates the efficacy of combining COPRAS and the entropy

method in offering a systematic and data-driven approach for technology selection tai-

lored to accommodate the dynamic preferences of decision-makers and the evolving

landscape of data integration solutions.

By advancing the application of MCDM methodologies within the big data do-

main, this research equips data professionals and enterprises with a robust decision-

support tool, fostering informed choices that enhance operational efficiency and lever-

age data as a strategic asset.

v



Contents

1 Introduction 1

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Purpose and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.4 Thesis Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.6 Research Hypotheses . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.7 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.8 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.9 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.10 Thesis Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2 Literature Review 14

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2 MCDM Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.3 MCDM in Big Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.4 TOPSIS and NR-TOPSIS . . . . . . . . . . . . . . . . . . . . . . . . 18

2.4.1 Traditional TOPSIS . . . . . . . . . . . . . . . . . . . . . . . 18

2.4.2 NR-TOPSIS . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.5 COPRAS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.6 Comparative Studies of COPRAS and TOPSIS . . . . . . . . . . . . 23

2.7 Weighting Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.7.1 Mean Weight Method . . . . . . . . . . . . . . . . . . . . . . . 25

2.7.2 Standard Deviation Method . . . . . . . . . . . . . . . . . . . 25

vi



2.7.3 AHP Method . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.7.4 CRITIC Method . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.7.5 Entropy Method . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.8 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3 Methodology 32

3.1 Experiment Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.1.1 Rank Stability Analysis Using Different Weights . . . . . . . . 32

3.1.2 One-at-a-Time (OAT) Analysis . . . . . . . . . . . . . . . . . 33

3.1.3 Trade-off Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.1.4 Rank Reversal Analysis . . . . . . . . . . . . . . . . . . . . . 33

3.1.5 Rank Coherence Analysis Against Other Methods . . . . . . . 34

3.1.6 Correlation Methods . . . . . . . . . . . . . . . . . . . . . . . 35

3.2 Data Collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4 Results and Discussion 41

4.1 Rank Stability Analysis Using Different Weights . . . . . . . . . . . . 41

4.2 OAT Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.3 Trade-off Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.4 Rank Reversal Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.5 Rank Coherence Analysis Against Other MCDM Methods . . . . . . 50

4.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5 Case Study: Choosing a Data Integration Tool 54

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

vii



5.1.2 Data Integration Needs . . . . . . . . . . . . . . . . . . . . . . 54

5.1.3 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.2 Description of Alternatives . . . . . . . . . . . . . . . . . . . . . . . . 56

5.3 Decision Criteria . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.4 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.4.1 MCDM Framework . . . . . . . . . . . . . . . . . . . . . . . . 60

5.4.2 Data Collection . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.5 Results and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.6 Recommendation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

6 Conclusion and Future Directions 67

References 69

7 Appendix 80

7.1 Additional Experiment Data . . . . . . . . . . . . . . . . . . . . . . . 80

viii



List of Figures

1 The Selection of Big Data Tools in 2012 . . . . . . . . . . . . . . . . 3

2 The Selection of Big Data Tools in 2023 . . . . . . . . . . . . . . . . 3

3 Data Integration Stage . . . . . . . . . . . . . . . . . . . . . . . . . . 4

4 Experiment Flow and Components . . . . . . . . . . . . . . . . . . . 35

5 COPRAS Ranking Using Different Weights . . . . . . . . . . . . . . . 41

6 NR-TOPSIS Ranking Using Different Weights . . . . . . . . . . . . . 42

7 OAT Analysis for COPRAS . . . . . . . . . . . . . . . . . . . . . . . 44

8 OAT Analysis for NR-TOPSIS . . . . . . . . . . . . . . . . . . . . . . 45

9 COPRAS Ranking from Trade-off Analysis . . . . . . . . . . . . . . . 46

10 NR-TOPSIS Ranking from Trade-off Analysis . . . . . . . . . . . . . 47

ix



List of Tables

1 Decision Matrix for the Selected Alternatives and Criteria . . . . . . 38

2 Trade-off Analysis Weights based on Entropy Weights . . . . . . . . . 39

3 AHP Criteria Matrix based on Subjective Input . . . . . . . . . . . . 40

4 Criteria Weights from Different Weighting Methods . . . . . . . . . . 42

5 Correlation Test Results under Different Weight Scenarios . . . . . . 43

6 OAT Analysis Results under Changing C6 Weight . . . . . . . . . . . 45

7 Trade-off Analysis Results for COPRAS and NR-TOPSIS . . . . . . . 47

8 Alternative Addition Ranking for COPRAS . . . . . . . . . . . . . . 48

9 Alternative Addition Ranking for NR-TOPSIS . . . . . . . . . . . . . 49

10 Alternative Removal Ranking for COPRAS . . . . . . . . . . . . . . . 49

11 Alternative Removal Ranking for NR-TOPSIS . . . . . . . . . . . . . 49

12 Rank Reversal Analysis for CORPAS . . . . . . . . . . . . . . . . . . 50

13 Rank Reversal Analysis for NR-TOPSIS . . . . . . . . . . . . . . . . 50

14 Comparative Ranking Analysis for CORPAS and NR-TOPSIS . . . . 51

15 Overview and Features & Capabilities . . . . . . . . . . . . . . . . . . 57

16 Advantages and Limitations . . . . . . . . . . . . . . . . . . . . . . . 58

17 Relevance to EcoQu’s Data Integration Needs . . . . . . . . . . . . . 58

18 Cost Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

19 Performance Comparison . . . . . . . . . . . . . . . . . . . . . . . . . 62

20 Ease of Use Comparison . . . . . . . . . . . . . . . . . . . . . . . . . 62

21 Integration Capabilities Comparison . . . . . . . . . . . . . . . . . . . 62

22 Customizability Comparison . . . . . . . . . . . . . . . . . . . . . . . 63

23 Support and Community Comparison . . . . . . . . . . . . . . . . . . 63

x



24 Decision Matrix for Data Integration Alternatives . . . . . . . . . . . 63

25 Criteria Weights for Data Integration Tools . . . . . . . . . . . . . . . 64

26 Ranking Reversal Analysis for Data Integration Tools . . . . . . . . . 65

27 Decision Matrix for Additional Alternatives Part 1 . . . . . . . . . . . 80

28 Decision Matrix for Additional Alternatives Part 2 . . . . . . . . . . . 81

xi



1 Introduction

1.1 Background

In 2017, The Economist interestingly made the claim that "the world’s most

valuable resource is not oil but data" (The Economist, 2017). Fast-forward to 2023,

the global market size for big data analytics exceeded $300 billion and it is projected

to soar to over $900 billion in the next decade (Fortune Business Insights, 2024).

The growing interest in big data can be attributed to a variety of reasons. Firstly,

there has been an increase in the volume of data coming from sources such as re-

search tools, sensors, and online activities (Demchenko, Grosso, Laat, & Membrey,

2013). The adoption of the Internet of Things (IoT) and other digital technologies

has further fueled this data generation boom, resulting in an enormous amount of

data produced through various online channels (L. Wang, 2017). Furthermore, the

introduction of data analytics platforms has generated keen interest among engineers,

business professionals, and academics, which empowers them to explore new opportu-

nities with unprecedented amounts of data (Fahmideh & Beydoun, 2019). Industries

like healthcare, government administration, agriculture, defense, and education have

also recognized data as a key driver for innovation, progress, and growth (Salma,

Tekinerdoğan, & Athanasiadis, 2016). By integrating data into supply chain man-

agement processes, product development, and quality control measures, companies

are also able to improve efficiency and customer satisfaction (Zhu, 2021). Decision-

makers from the public and private sectors now recognize that the abundance of data

allows them to make more informed decisions and enhance their strategies (Artige,

2015).

Now that data is widely available and proven to be useful, integrating the right
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data from distinct sources into the system and making it available can be a major

challenge for data practitioners and enterprises. According to IBM, data integration is

"the process of combining and harmonizing data from multiple sources into a unified,

coherent format that can be put to use for various analytical, operational and decision-

making purposes (IBM, 2024)." Transferring a small amount of data on an ad-hoc

basis might be intuitive to many. However, consistently and reliably transferring a

large volume of unstructured data between multiple organizations is a more complex

engineering problem to solve. Here are some of the main challenges for big data

integration noted by online service providers (Top 7 Data Integration Challenges and

Solutions , 2023; 6 Major Data Integration Challenges & Solution | Sprinkle Data,

2023):

• Size: Raw data can amount to a significant volume.

• Security: Data can be accessed by unauthorized parties.

• Reliability: Data flow can be disrupted by events.

• Policy: Expensive lawsuits can result from mishandling sensitive data.

• Structure: Different sources can have their own idiosyncrasies, e.g., format-

ting.

• Quality: Data can be inaccurate or missing, leading to false or limited insights.

• Latency: Data can be lost or delayed, impacting business operations.

• Compatibility: The integration flow might not be supported by the current

infrastructure.

In order to overcome these challenges, data engineers need to make careful con-

siderations when selecting suitable data integration tools. Making the selection is

not easy, given that the number of options has grown substantially year over year.

2



Figure 1: The Selection of Big Data Tools in 2012

Figure 2: The Selection of Big Data Tools in 2023
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Figure 1 shows the landscape of big data tools in 2012. In 2023, the number of

big data tools has grown significantly as shown in Figure 2 (Tuck, 2023). Choosing

sub-optimal technology can lead to missed opportunities and costly mistakes. For

example, if a business analytics team picks an unreliable data visualization tool, such

a decision can impede the discovery of important insights and hinder critical business

decision-making processes (Mahajan & Gokhale, 2017). In the healthcare industry,

if a given statistical software fails to assist users in picking the most appropriate

statistical tests, it may result in inaccurate data analysis, which could have serious

implications for the health of patients and treatment outcomes (Torres & Normando,

2021). Data integration needs to happen before data users can retrieve the data for

visualization or analysis, as shown in Figure 3 (Fadlallah, 2019). Decisions revolving

around choosing the most suitable data integration tools and processes thus carry

more weight and responsibility for the enterprise’s overall data strategy.

Figure 3: Data Integration Stage
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1.2 Problem Statement

Data integration sits at the intersection of many business and engineering func-

tions. Unlike the scenario of choosing software for data analysis, where the main user

group can make decisions internally, data integration decisions require engineers to

consult with several groups of stakeholders and make the decision collectively. The

stakeholders can include:

• Lawyers, who negotiate the contract terms and ensure the process does not

violate the enterprise’s policies and federal data protection laws.

• Business Analysts, who use the data for reporting and conducting analysis.

• Executives, who oversee business operations and long-term data strategies.

• Software Engineers, who help integrate the data integration tool into the

enterprise’s existing software infrastructure.

• Data Engineers, who assume ownership of the tool and implement the solution

according to requirements.

Since the decision involves balancing multiple criteria and preferences of different

people simultaneously, a Multi-Criteria Decision-Making (MCDM) method can be

used as a systematic approach to evaluate the alternatives and rank them from best

to worst. To identify an applicable MCDM framework, the following considerations

are relevant in the context of selecting data integration tools:

1. Alignment: The MCDM method needs to be communicated clearly and ac-

cepted by different groups in the organization (Hanine, Boutkhoum, Tikniouine,

& Agouti, 2016).
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2. Transparency: The process should be intuitive to understand and easy to

implement (Webster & Dunstan, 2013).

3. Stability: The ranking outcomes should be stable against different scenarios,

such as changes in the importance of a certain criterion (Ghoushchi et al., 2021).

4. Adaptability: The existing data integration products are always evolving, and

new players emerge from time to time. The method should be able to accom-

modate changes in the list of alternatives being evaluated without producing

inconsistent ranking outcomes (Ferreira, Azevedo, Estrella, & Delbem, 2023).

Different stakeholder groups can also have their personal preferences when weigh-

ing the criteria against each other. For example, software engineers might value an

alternative’s compatibility with existing systems above all other criteria, given that

they are motivated to minimize the workload to integrate with a new tool. An easy-

to-understand, objective weighting method would contribute to the overall successful

application of an MCDM method by reducing subjectivity and biases in assigning

weights to the set of predetermined criteria. The weight of the criteria should adjust

as the set of alternatives undergoes updates over time. For example, at the early

stage of business growth, the set of alternatives being considered might exhibit large

variations in reliability due to budget constraints, and reliability could be an im-

portant criterion at the time. However, as the business expands, it allocates more

budget to enhance data integration processes, potentially introducing a new set of

nearly equally reliable alternatives. At this point, the weight of reliability should be

adjusted and reduced, given that variations in reliability should contribute less to the

overall ranking of the alternatives. Therefore, the principle problem statement for

this research can be stated as follows:

6



How can enterprises leverage the combination of an objective weight method and an

intuitive MCDM method to evaluate data integration alternatives based on an

established set of criteria in a systematic, data-driven way and make a selection that

aligns with the diverse preferences of decision-makers?

1.3 Purpose and Motivation

The purpose of this study is to propose an MCDM approach, enhanced by an

objective weighting technique, to assist enterprises in the informed selection of data

integration tools. This research is motivated by the necessity to equip decision-makers

with a methodical and effective framework for evaluating various data integration

solutions, ensuring that the diverse priorities and expectations of all stakeholders are

accounted for in the decision-making process.

A study comparing MCDM methods for mobile crowd computing resource selec-

tion provided insights into the consistency and performance of different MCDM meth-

ods (Pramanik, Biswas, Pal, Marinković, & Choudhury, 2021). The Complex Propor-

tional Assessment (COPRAS) method, paired with the entropy weighting method,

was proven to be the most effective choice. This pairing is distinguished for its ability

to leverage criteria variability to diminish decision-maker bias and produce stable and

consistent results against other methods and under various scenarios.

Inspired by the findings and their relevancy to data engineering, this study pro-

poses COPRAS using the entropy method as the framework of choice. The proposed

framework will then be benchmarked against the Technique for Order of Preference by

Similarity to Ideal Solution (TOPSIS) due to its widespread application in technology

selection processes (Hanine et al., 2016). This comparison aims to affirm COPRAS’

effectiveness and suitability for facilitating decisions within the specific realm of data

7



engineering.

1.4 Thesis Statement

This research advocates for a novel framework that integrates COPRAS and the

entropy method to guide enterprises in selecting optimal data integration tools. This

framework is presented as a superior alternative to existing methodologies, providing

a more stable and accurate evaluation process that caters to diverse data engineering

needs and stakeholder preferences, potentially outperforming the popular TOPSIS

approach.

1.5 Research Questions

The traditional TOPSIS method is known to be susceptible to rank reversals

(Yang, 2020). Recent literature on TOPSIS and past research have suggested en-

hanced TOPSIS variants as potential solutions, including the Dynamic TOPSIS

Model (DTM), Pairwise-TOPSIS (P-TOPSIS), and R-TOPSIS (Solomon, 2017; Shen,

2021; Aires & Ferreira, 2019). Following the introduction of R-TOPSIS in 2019, Yang

further refined this approach and developed NR-TOPSIS with theoretical evidence

(Yang, 2020). In this research, NR-TOPSIS will replace the traditional TOPSIS

as the benchmark MCDM method to be evaluated against COPRAS. The entropy

method remains the default weighting method for both MCDM methods.

For an MCDM method to be truly effective and reliable, it should deliver stable

results across a variety of scenarios where weights are adjusted based on user prefer-

ences. This means that even when alternative weighting methods are applied, or when

decision-makers introduce specific preferences to the criteria weights, the MCDM ap-
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proach should maintain consistency in its outcomes. This requirement ensures the

decision-making process remains robust and adaptable to different perspectives and

changing conditions, ultimately supporting more informed and resilient choices.

The research questions can be formulated as follows:

1. Does COPRAS exhibit greater consistency in ranking outcomes across a range

of other objective and subjective weighting methods compared to NR-TOPSIS?

2. In scenarios where a cost-type criterion’s (e.g., price) weight is adjusted dynam-

ically, how do COPRAS and NR-TOPSIS compare, particularly under one-at-

a-time (OAT) sensitivity analysis?

3. How do COPRAS and NR-TOPSIS perform in trade-off sensitivity analysis

where criteria weights are swapped to reflect the evolution of enterprise require-

ments?

4. In rank reversal scenarios, where the best or worst data integration tool options

are added or removed due to factors like price adjustments or market exit, how

does COPRAS compare to NR-TOPSIS in maintaining rank stability?

5. How do COPRAS and NR-TOPSIS fare in rank coherence analysis compared to

representative MCDM methods from different methodologies (distance-based,

area-based comparison, ratio-based additive, and compromising-based meth-

ods)?

1.6 Research Hypotheses

• H1: COPRAS will show higher consistency in results across different weighting

methods compared to NR-TOPSIS.
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• H2: Under OAT sensitivity analysis with one changing cost-type criterion,

COPRAS will demonstrate superior stability in ranking outcomes compared to

NR-TOPSIS.

• H3: In trade-off sensitivity analysis scenarios, COPRAS will exhibit better

performance compared to NR-TOPSIS.

• H4: COPRAS will exhibit greater resilience in rank reversal scenarios, main-

taining more consistent rankings when options are added or removed, compared

to NR-TOPSIS.

• H5: Against varied MCDM methodologies, COPRAS will align more closely

with the results from other well-established MCDM methods than NR-TOPSIS.

1.7 Research Objectives

The Data Engineering Lab at the National Institute of Technology, Durgapur, has

amassed a large dataset on devices suitable for mobile crowd computing. Leveraging

this dataset, this research aims to:

1. Validate the Effectiveness of COPRAS and the Entropy Method: Ini-

tially, the research will assess how well the COPRAS method, in conjunction

with the entropy method, performs in selecting the most optimal computing

device. This part would replicate parts of the study conducted by Pramanik et

al.

2. Benchmark Performance Against NR-TOPSIS: A detailed comparison

with NR-TOPSIS will be carried out to scrutinize the relative strengths and

weaknesses of COPRAS under varied experiment scenarios.
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The objective is to propose and articulate an MCDM framework that enhances

decision accuracy and stakeholder satisfaction in the complex domain of enterprise

data integration tool selection. This framework aims to:

• Stand up to rigorous review against existing literature.

• Be validated through empirical comparison with other recognized MCDM meth-

ods.

• Be illustrated via a real-world example of data integration tool selection, ensur-

ing its applicability and efficacy in actual enterprise scenarios.

1.8 Contributions

This study will advance both theoretical knowledge and practical applications of

MCDM within the realm of big data. The research expands the utilization of the

current MCDM framework and extends its applicability to address intricate decision-

making processes in selecting big data technologies. The experiments present a com-

parative evaluation between COPRAS and NR-TOPSIS, assessing the effectiveness of

these methodologies and contributing to the existing knowledge base on MCDM prac-

tices. By highlighting the inherent challenges in integrating big data, this research

not only theorizes but also presents a practical case study. The case study illustrates

a systematic approach to overcoming integration hurdles, thereby demonstrating the

tangible impact and potential applications of the proposed MCDM framework.

11



1.9 Limitations

While there could be many limitations due to the scope of the research, some

notable ones are summarized as follows:

• Data Source: The experiment relies on the sample mobile crowd computing

dataset. This focus may limit the applicability of findings to other contexts or

types of technology selection.

• Weighting Methods: While the research attempts to establish the effective-

ness of the entropy method, it does not fully address situations where many

other types of weighting methods can be applied.

• MCDM Methods: By concentrating on COPRAS and NR-TOPSIS, the re-

search does not fully explore other potentially relevant MCDM methods beyond

the literature review stage.

• Scope of Experiments: The experiments are designed around predefined

scenarios of sensitivity analysis, rank reversal, and comparative performance.

This approach might not cover all possible decision-making variables or real-

world complexities encountered in the selection of data integration tools.

• Big Data Application: As shown in Figure 2 and 3, the rapid evolution

of data integration technologies may reduce the long-term applicability and

relevance of the proposed framework.

1.10 Thesis Organization

Chapter 2 commences with an extensive review of the literature that establishes

the theoretical foundation. Following this is Chapter 3, which delves into a detailed
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methodology section outlining the comparative analysis between COPRAS and NR-

TOPSIS, while Chapter 4 discusses the results derived from this analysis. Chapter 5

describes a case study where these theories and methodologies are being applied to

selecting data integration tools, offering a practical demonstration of the research’s

significance. The concluding chapter synthesizes these findings, presents conclusions,

and suggests avenues for future research.
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2 Literature Review

2.1 Introduction

The chapter first explores the use and classification of MCDM methods in general.

Next, a closer examination of MCDM applications in technology selection, especially

in selecting technology relevant to big data, is provided. To illustrate the theoretical

basis of MCDM methods clearly, a step-by-step implementation of the traditional

TOPSIS method is presented first, followed by its refined version, NR-TOPSIS, and

COPRAS. Comparative studies on these methods and their applications across dif-

ferent sectors in the literature are also reviewed. A brief overview of some common

weighting techniques used by MCDM methods is also included. This examination

lays the groundwork for pinpointing areas where current research falls short, high-

lighting the necessity for a comparison and adoption of MCDM methodology within

the context of selecting big data tools. The purpose of this chapter is to also provide

more details on the exact mathematical equations used for each of the chosen MCDM

and weighting methods.

2.2 MCDM Overview

MCDM is an operational model used to tackle decision-making challenges by tak-

ing conflicting decision criteria into account (Panjwani, Kumar, & Ahuja, 2019). This

approach has gained traction across a broad spectrum of disciplines, including com-

puter science, artificial intelligence, supply chain management, and digital marketing

(Yusuf, Yang, & Panoutsos, 2021; Laganà & Colapinto, 2022; Trung & Thanh, 2022).

One of the key strengths of MCDM lies in its ability to work with both quantitative

and qualitative factors, making it relevant to a wide range of decision-making sce-
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narios (Mardani et al., 2015). By leveraging MCDM methodologies, decision-makers

would be able to mitigate biases and uncertainties in the decision-making process

and they could select products or processes with a higher degree of confidence and

justification (Mitra & Goswami, 2019).

Research in the field of MCDM has been extensive since it was first introduced

in the 1960s. A useful approach to understanding the vast array of MCDM frame-

works is categorizing them based on the underlying methodology (Toloie-Eshlaghy &

Homayonfar, 2011). The discussion highlights four of the most relevant categories for

this research. Computationally demanding methods (e.g., ELECTRE) and methods

producing results that can be challenging to interpret (e.g., fuzzy MCDM) are out of

the scope of this study.

The first group of MCDM is known as distance-based approaches, which assess

options based on how far they are from reference points. One common method is

TOPSIS, which will be extensively discussed in upcoming sections. Another approach

is the Evaluation based on Distance from Average Solution (EDAS) method. EDAS

deals with criteria by determining the distances of options from the average solution

(Siregar, Zakir, Syahputri, Harahap, & Handoko, 2023). As previously mentioned

about TOPSIS, this type of method is easy to understand, but it is sensitive to

weight changes and rank reversals (Okponyia & Oke, 2021).

The second group of MCDM is called area-based comparison and approximation

methods, which compare alternatives by evaluating their relative distances and the

area they occupy in the criteria space (Rahim, Abdullah, & Yusoff, 2020). The

main method in this category is the Multi Attributive Border Approximation Area

Comparison (MABAC) method, which is recognized for its precision and ability to

handle complex decisions (Bakhat & Rajaa, 2020). Similar to distance-based meth-

ods, MABAC also faces challenges related to sensitivity analysis and rank reversal
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(Xu, Shi, Zhang, & Liu, 2019; Gong, Li, Luo, & Liu, 2020).

Methods that use ratios to assess alternatives based on their performance across

criteria are known as ratio-based additive techniques. The Multi Objective Optimiza-

tion on the Basis of Ratio Analysis (MOORA) is a method that ranks alternatives by

considering their benefits to costs or gains to losses ratios (Nabavi, Wang, & Rangaiah,

2023). These approaches are often straightforward and user-friendly, making them

accessible to decision-makers in various fields (Madenoğlu, ÜNLÜSOY, & YILMAZ.,

2022). On the other hand, some studies suggest that these methods may oversimplify

decision problems and overlook important nuances (Goswami et al., 2021). Additive

Ratio Assessment (ARAS) and COPRAS are also part of this group.

Another category includes methods designed for compromising situations and han-

dling decision scenarios that require trade-offs and compromises. The Multi Attribute

Ranking by COmpromise Solution (MARCOS) is a method focused on finding a com-

promise solution that balances conflicting criteria for the best overall outcome (Ulutaş

et al., 2021). However, compromised ranking results may not always lead to the best

overall decision in certain circumstances (Pramanik et al., 2021).

Choosing a suitable MCDM method can be an overwhelming task. Deciding on

the MCDM approach relies on the particular problem context, objectives, and criteria

in the decision-making process (Saaty & Ergu, 2015). In the next section, MCDM

applications in big data technology selection are explored.

2.3 MCDM in Big Data

MCDM applications for solving big data decision challenges have gained more

traction in recent years. In 2020, Volk et al. proposed the Big Data Ontology ini-
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tiative with the goal of building a systematic, robust decision-support framework

for making big data technology selections. The research proposed an overarching

framework encompassing every step of the decision-making process. Volk et al. also

acknowledged the need for incorporating robust, multi-stage MCDM methods (Volk,

Bischoff, Staegemann, & Turowski, 2020). The Analytic Hierarchy Process (AHP)

was utilized as a preliminary method to explore the applicability of MCDM in such

a decision-support system. In the conclusion of their research, the researchers noted

specifically that other methods like TOPSIS and evaluation of real-world scenarios

are critical to pushing this research forward.

AHP has been a common choice for other researchers in this domain. It was ap-

plied to select big data platforms used for data analytics (Yah Jusoh, 2014). More

recent research presented the hybrid MCDM method AHP-TOPSIS for selecting Ex-

tract, Transform and Load (ETL) tools for big data ingestion (Hanine et al., 2016).

Another research study also applied AHP to the selection of big data architectures

and large-scale databases (Mohapatra, Bilgaiyan, & Mishra, 2022). All these studies

demonstrated the effectiveness of MCDM as a framework worthy of further explo-

ration.

In other applications, fuzzy MCDM methods demonstrated their use in selecting

data visualization tools (Grandhi & Wibowo, 2018). A simple decision-support frame-

work based on checking off functional requirements for selecting databases and SQL

engines was also proposed (Farshidi, 2020). Research on big data integration tools

was particularly lacking. One study explored an evaluation framework for big data

integration tools without extending the research into MCDM (Alpoim, Guimaraes,

Portela, & Santos, 2019). This evaluation model paved the groundwork for introduc-

ing MCDM to data integration selection challenges since it defined a set of decision

criteria that could directly feed into the MCDM process. Introducing proven MCDM
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methods into unexplored domains of big data challenges, such as data integration can

be a promising research opportunity.

2.4 TOPSIS and NR-TOPSIS

2.4.1 Traditional TOPSIS

TOPSIS has been a popular choice among MCDM researchers. Recent trends

in MCDM research have shifted towards a hybrid MCDM framework and TOPSIS

is often selected as part of the model (Hanine et al., 2016). Past research has also

demonstrated its versatility in solving a variety of multi-criteria challenges. A revised

model of TOPSIS was applied to select cloud service providers (Solomon, 2017). A

pairwise TOPSIS model was proposed to tackle the infamous rank reversal problems

(Shen, 2021). Applications of TOPSIS in the cybersecurity domain were also explored

(Stewart, 2022; Salinas, 2018). The impact of the interdependency of criteria on

TOPSIS was closely examined as well (Jong, 2019). To illustrate the basic concepts

of TOPSIS, a step-by-step walkthrough is presented below.

The steps of determining the ranking of a set of m alternatives given a set of n

criteria through the traditional TOPSIS can be found below (Yoon & Hwang, 1995).

The set of alternatives and criteria is often presented as an m× n matrix called the

decision matrix:

18



C1 C2 · · · Cn

A1 x11 x12 · · · x1n

A2 x21 x22 · · · x2n

...
...

... . . . ...

Am xm1 xm2 · · · xmn

(1)

where xij represents the evaluation of alternative Ai according to criterion Cj.

In a criteria set, a criterion can be either labeled as a benefit type or a cost type.

Exhibiting a higher value as a benefit criterion or a lower value as a cost criterion

would positively impact the ranking. Depending on the nature of the criterion, the

decision matrix X = (xij)m×n can contain values from different dimensions, which

could skew the ranking results. Therefore, with many MCDM methods, the first step

is to normalize the decision matrix to make all the attributes dimensionless.

Step 1. Compute the normalized decision matrix R:

rij =
xij√∑m
k=1 x

2
kj

, i = 1, 2, ...,m; j = 1, 2, ..., n. (2)

The weight of each criterion can be determined subjectively or objectively based

on the values in the decision matrix. The different approaches to compute weights

are discussed in the next section. Assume the weight of the criteria can be given as:

W = (w1 · · ·wn) (3)

Step 2. Compute the weighted normalized matrix Y :

yij = wj · rij (4)
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Step 3. Determine the ideal and anti-ideal solutions:

A+ = {y+1 , y+2 , ..., y+n } = {max yij|j ∈ Jbenefit,min yij|j ∈ Jcost} (5)

A− = {y−1 , y−2 , ..., y−n } = {min yij|j ∈ Jbenefit,max yij|j ∈ Jcost} (6)

Step 4. Compute the separation measures by calculating the Euclidean distance

between each attribute and the ideal and the anti-ideal solution:

D+
i =

√√√√ n∑
j=1

(yij − y+j )
2 (7)

D−
i =

√√√√ n∑
j=1

(yij − y−j )
2 (8)

Step 5. Calculate the relative closeness to the ideal solution:

RCi =
D−

i

D+
i +D−

i

(9)

Step 6. Rank the alternatives according RCi in descending order.

2.4.2 NR-TOPSIS

NR-TOPSIS modifies the traditional TOPSIS by introducing an additional step of

calculating the global maximum and minimum based on the attributes in the decision

matrix prior to applying the min-max method to normalize the decision matrix (Yang,

2020). The additional step of using global maximum and minimum to normalize

the decision matrix reduces TOPSIS’ sensitivity to changing weights because all the

attributes are normalized against a more stable set of values. The addition or removal

of an alternative has also been proven to have less effect on the new ranking results

(Yang, 2020). Despite its solid theoretical proof, the method has seen limited adoption
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in research. One research study was identified to use both entropy and AHP weighting

methods with NR-TOPSIS to optimize automated container terminal layout planning

in China in 2023 (Li, Peng, Guo, Wang, & Song, 2023). The lack of application of NR-

TOPSIS in research calls for further analysis of the method’s validity and application

to solving MCDM challenges.

Step 0. Determine the global minimum value mj and maximum value Mj of each

criterion Cj:

mj = min
i
(xij)

Mj = max
i

(xij)

(10)

where for any attribute value xij, the following condition mj ≤ xij ≤ Mj is satisfied.

Step 1. Compute the normalized decision matrix R according to the criteria

type:

If Cj is a benefit criterion, then

rij =
xij −mj

Mj −mj

(11)

If Cj is a cost criterion, then

rij =
Mj − xij

Mj −mj

(12)

Step 2. Compute the weighted normalized matrix Y in the same way as TOPSIS
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Step 3. Determine the ideal and anti-ideal solutions, which can be simplified to:


y+j = wj

y−j = 0

(13)

Step 4, 5, 6. Refer to the same steps from the traditional TOPSIS.

2.5 COPRAS

COPRAS is an intuitive MCDM framework that can deliver simplicity and accu-

racy at the same time (Punetha & Jain, 2024). The foundational concept of COPRAS

is about adding up the effects of the benefit and cost criteria. Both benefit and cost

criteria contribute to the relative satisfaction score but a high-cost criterion would

reduce its additive effect. The highest-ranked alternative simply has a score of 1.

COPRAS has also been tested against other MCDM methods, and it has proven to

be robust and consistent (Mousavi-Nasab & Sotoudeh-Anvari, 2017). Its success in

solving data engineering decision challenges suggests that COPRAS can potentially

be a suitable candidate for this research (Pramanik et al., 2021).

The steps of COPRAS are implemented based a comparative study on VIKOR,

COPRAS, and PROMETHEE (Sałabun, Wątróbski, & Shekhovtsov, 2020). The

relative satisfaction score calculation can be simplified (Pramanik et al., 2021). as

shown in Step 4.

Step 1. Compute the normalized decision matrix R using simple arithmetic mean:

rij =
xij∑m
k=1 xkj

(14)

22



Step 2, 3. Determine the ideal and anti-ideal solutions using the sum of the

weighted normalized values:

g+i =
k∑

j=1

rij · wj (15)

g−i =
n∑

j=k+1

rij · wj (16)

where k is the number of benefit criteria

Step 4. Calculation of the relative satisfaction score of each alternative given its

conditions:

Qi = g+i +
min g−i

∑m
k=1 g−k

g−i

∑m
k=1

min g−i

g−k

≈ g+i +

∑m
k=1 g−k

g−i

∑m
k=1

(
1

g−k

) (17)

Step 5. Calculate the utility score, which is a similar concept to relative closeness

to the ideal solution from TOPSIS:

Ui =
Qi

Qmax
× 100% (18)

Step 6. Rank the alternatives according Ui in descending order. The Ui value for

the highest ranked alternative is 100%.

2.6 Comparative Studies of COPRAS and TOPSIS

Despite direct comparisons, past research has yielded inconclusive results regard-

ing the superiority of COPRAS and TOPSIS in decision-making scenarios. For ex-

ample, when examining the selection of electric motorcycles using both COPRAS
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and TOPSIS methods, the conclusion stated that both methods were equally reli-

able (Patel, Jha, Soni, & Fuse, 2020). Additionally, a COPRAS-supported consumer

decision-support model strongly correlated with the IF-TOPSIS outcomes (Punetha

& Jain, 2024). Further investigations suggested that both methods can be simultane-

ously applied to tackle complex problems, as seen in the context of material selection

(Mousavi-Nasab & Sotoudeh-Anvari, 2017). Their effectiveness in evaluating logistics

company performance using AHP weighting methods underscored their versatility in

accommodating different weighting scenarios (Er, Avci, & Aladag, 2022). Their appli-

cation was also extended to selecting machinery in the food industry, and yet again,

both TOPSIS and COPRAS produced comparable results (Özcan & Çelik, 2021).

Variants of TOPSIS were also compared against COPRAS and the adaptive-

TOPSIS approach was shown to be more suitable for selecting engineering colleges

(Lakshmi, Venkatesan, & Martin, 2016). Comparative studies involving COPRAS,

TOPSIS and other methodologies like MOORA indicated that COPRAS excels in

accuracy and simplicity for supplier selection tasks (Setyono & Sarno, 2020).

The choice between COPRAS and TOPSIS requires further examination given the

context of the decision-making scenarios and the complexity of the decision domain.

While COPRAS and TOPSIS may yield reliable rankings in most cases, it is crucial to

recognize their susceptibility to rank reversal and their other vulnerabilities (Mousavi-

Nasab & Sotoudeh-Anvari, 2018).

2.7 Weighting Methods

This section introduces a number of subjective and objective weighting methods.

Mean weight and standard deviation methods are introduced as simple weighting

methods to test the sensitivity of MCDM methods to different weighting method-
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ologies. AHP, CRITIC, and entropy methods are introduced due to their common

application in MCDM (Mohammed, Kasim, & Shaharanee, 2018).

2.7.1 Mean Weight Method

The mean weight is calculated simply by assigning equal weight to every criterion

(Jahan, Mustapha, Sapuan, Ismail, & Bahraminasab, 2012):

wj =
1

n
(19)

where wj is the weight for criterion Cj and n is the total number of criteria.

2.7.2 Standard Deviation Method

The standard deviation weight is calculated by normalizing the standard deviation

of each criterion using simple arithmetic mean (Jahan et al., 2012):

Step 1. Calculate the standard deviation σj for each criterion Cj:

σj =

√√√√ 1

m

m∑
i=1

(xij − x̄j)2 (20)

where x̄j is the mean of the j-th criterion values.

Step 2. Determine the weight using the normalized standard deviation:

wj =
σj∑n
k=1 σk

(21)
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2.7.3 AHP Method

In this research, AHP is only used as a demonstration of the subjective weight-

ing method. The process of calculating AHP weight is also known as the pairwise

weighting method (Mohammed et al., 2018). The pairwise comparison matrix is con-

structed by comparing two criteria at a time and noting their relative importance.

For example, if C1 is twice as important as C2, then a12 is 2, and a21 is 1/2.

Given a pairwise comparison matrix A:

A =



1 a12 · · · a1n

1
a12

1 · · · a2n
...

... . . . ...

1
a1n

1
a2n

· · · 1


where aij > 0 and aji =

1
aij

.

Step 1. Compute the normalized decision matrix S using simple arithmetic

mean.

sij =
aij∑n
i=1 aij

(22)

Step 2. Calculate the criteria weights using geometric mean.

wi =

(
n∏

j=1

sij

) 1
n

(23)

Step 3. Calculate the λmax value which should equal the number of criteria n.

λmax =
n∑

i=1

(
n∑

j=1

aijwj

)
(24)
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Step 4. Calculate the consistency index (CI).

CI =
λmax − n

n− 1
(25)

Step 5. Calculate the consistency ratio (CR), which should be less than 0.1 to

pass the consistency test. Random index (RI) is provided as a list of constant values.

The RI value used needs to correspond to the number of criteria n.

CR =
CI

RI
< 0.1 ∼ 10% (26)

2.7.4 CRITIC Method

Criteria Importance Through Intercriteria Correlation (CRITIC) is an objective

weighting method that leverages correlation and standard deviation to assess the

uniqueness of criteria. By using the CRITIC approach in conjunction with TOPSIS,

decision-makers can accurately establish the importance of criteria with transparency

while employing TOPSIS to rank options based on their performance compared to

the optimal solution (Lu, Zhao, Zhou, & Wei, 2022). The CRITIC-COPRAS tech-

nique has been effectively utilized in selecting software for class attendance (Tuş &

Aytaç Adalı, 2019). The steps for calculating CRITIC weight are shown below:

Step 1. Compute the normalized decision matrix R according to the criteria

type using Equation 11 and Equation 12 from NR-TOPSIS.

Step 2. Calculate the standard deviation for each criterion using Equation 20.
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Step 3. Determine the Pearson correlation coefficient.

pjk =

∑m
i=1(r

′
ij − r′j)(r

′
ik − r′k)√∑m

i=1(r
′
ij − r′j)

2

√∑m
i=1(r

′
ik − r′k)

2

(27)

Step 4. Compute the information amount for each criterion.

Ij = σj

(
1− 1

n− 1

n∑
k=1,k ̸=j

pjk

)
(28)

Step 5. Normalize the information amounts to derive the weights.

wj =
Ij∑n
k=1 Ik

(29)

2.7.5 Entropy Method

The entropy method assesses the significance of each criterion by taking into ac-

count the level of entropy which reflects the information content in the data (Q. Wang

et al., 2020). This approach is reliable for assigning weights when objectivity is crit-

ical (Gu, Wu, Ji, & Zhu, 2021). Through the application of the entropy method

decision-makers can effectively assess the relevance of attributes and make informed

choices based on the derived weights (Delgado & Ayala, 2019).

The entropy method and COPRAS have been widely combined in MCDM ap-

plications. For example, in the construction sector, European country management

capabilities were assessed using the entropy and COPRAS methods (Kildienė, Kak-

lauskas, & Zavadskas, 2011). In another study on selecting conveying equipment

criteria, weights were determined objectively through the entropy method and later

implemented using COPRAS (Gandotra et al., 2021). Moreover, the combination
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of entropy and COPRAS methods has been used to build recommendation systems

for making technical product recommendations (Krishna et al., 2022). Mobile crowd

computing resource selection and fog computing task scheduling have also witnessed

its application (Mishra, 2022; Pramanik et al., 2021). The entropy method can be

implemented as follows:

Step 1. Compute the normalized decision matrix R according to the criteria

type using Equation 11 and Equation 12 from NR-TOPSIS.

Step 2. Calculate the constant value k given the number of alternatives.

k =
1

ln(m)
(30)

Step 3. Compute the normalized decision matrix F using simple arithmetic

mean.

fij =
rij∑m
l=1 rlj

(31)

Step 4. Compute the entropy value.

Hj = −k
m∑
i=1

fij ln(fij) (32)

If fij = 0, then,

fij ln(fij) = 0 (33)

Step 5. Calculate the criteria weights.

wj =
1−Hj

n−
∑n

j=1 Hj

(34)
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2.8 Summary

After thoroughly reviewing the current literature on using MCDM methods in

selecting big data tools, this study has found three key insights that emphasize the

significance and relevance of this research area:

1. Advocating for Diversifying the Use of MCDM: Recent studies in decision-

support systems for big data have stressed the importance of expanding MCDM

approaches beyond the conventional AHP. This call for diversification reflects a

growing consensus on exploring new methods and techniques for decision mak-

ing within the realm of big data, suggesting that broadening the spectrum of

MCDM methods could lead to innovative solutions for intricate decision-making

scenarios.

2. Support for COPRAS for its Simplicity and Accuracy: Many studies

have praised COPRAS for its simplicity and precision. When combined with

the entropy method, COPRAS has a solid track record as the best MCDM

method, showing a promising path for improving decision-making processes in

selecting big data tools.

3. Risk of Rank Reversal: Concerns have been raised about the potential vul-

nerability of both COPRAS and TOPSIS to rank reversal problems, highlight-

ing the importance of carefully evaluating their applications. Such scrutiny

is crucial to confirm their reliability and address any inherent methodological

weaknesses.

Additionally, the literature points out some significant gaps that require further

investigation:
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1. Uncertainty in Comparative Studies: Previous comparisons involving CO-

PRAS and TOPSIS have not definitively determined which method is superior.

This uncertainty suggests a need for further investigation into the compara-

tive effectiveness of COPRAS and TOPSIS to gain valuable insights into their

usability and effectiveness.

2. Lack of Research on NR-TOPSIS Applications: There is a noticeable

shortage of studies focusing on implementing and validating NR-TOPSIS. Ex-

ploring how it is implemented and its effectiveness remains a relatively unex-

plored area with great potential for advancing the field of MCDM in the selection

of big data tools.

3. Scant Research on MCDM for Data Integration: Surprisingly, there has

been minimal focus on applying MCDM methods to tackle data integration

challenges in big data environments. This oversight underscores a significant

research gap and emphasizes the importance of investigating how MCDM can

support better data integration decisions.

These discoveries and identified gaps collectively highlight the importance of this

research area. By addressing these aspects, this study aims to provide valuable in-

sights and methodologies that can improve decision-making processes in selecting big

data tools, ultimately enabling more informed and effective decisions.
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3 Methodology

3.1 Experiment Design

This study extends previous research by conducting a comprehensive suite of

analyses to evaluate the stability and accuracy of the ranking results produced by

NR-TOPSIS and COPRAS. These methods are applied under a variety of scenarios

using the data presented in the subsequent sections. All the results generated under

different scenarios are tested against the benchmark ranking using correlation tests,

including Kendall’s Tau and Spearman’s Rho. These tests can evaluate the similar-

ities between rankings and provide p-values to assess statistical significance. Public

Python modules were explored and tested for the purpose of implementing these tests

(Kizielewicz, Shekhovtsov, & Sałabun, 2023). However, they are proven to offer only

limited use, and therefore, all the tests are conducted through custom Python scripts

reproduced using the equations from the literature.

3.1.1 Rank Stability Analysis Using Different Weights

Simplicity is a virtue in method selection. Therefore, mean weight and standard

deviation methods are chosen for their straightforwardness and accessibility to those

who may not find the concept of entropy intuitive. AHP is selected for scenarios

where stakeholders’ input on criteria weighting is crucial, because it offers a validated

and consistent approach to reflecting preferences (Hanine et al., 2016). Using the

AHP method to take stakeholders’ preferences into account is preferred over having

stakeholders directly assigning the weight values because AHP checks the criteria ma-

trix for consistency. The CRITIC method serves as an alternative objective weighting

methodology to entropy because it is also a popular choice among MCDM applications
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(Tuş & Aytaç Adalı, 2019). The entropy method is used to derive default weights to

establish a baseline for ranking comparison.

3.1.2 One-at-a-Time (OAT) Analysis

Popularized by prior research, OAT sensitivity analysis addresses cases where

users might exhibit strong preferences for a specific criterion, such as management’s

typical emphasis on cost (Hamby, 1995). It would be interesting to test if either

COPRAS or NR-TOPSIS can produce stable ranking results if the weight of one

criterion is changed drastically. In this experiment, the weight of the cost criterion

is incrementally varied from 10% to 90%, with the remaining criteria assigned equal

weight. Results are benchmarked against the 50% weight ranking for comparison.

3.1.3 Trade-off Analysis

Trade-off assessments are conducted with the baseline entropy weight scenario as

a reference. The consequences of switching weights between benefit and cost criteria,

and between the most and least important criteria, are explored (Ibrahim, Far, &

Eberlein, 2009). Four proposed scenarios, detailed in the data collection section, are

benchmarked against rankings from the entropy method.

3.1.4 Rank Reversal Analysis

Six scenarios involving the addition or removal of alternatives are explored to

test the robustness of MCDM methods against rank reversal. Additions include a

superior alternative, a median alternative, and a suboptimal alternative (Yang, 2020).

Removals target the highest, median, and lowest-ranked alternatives as well. This test
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evaluates the sensitivity of MCDM methods to the composition of the alternative set,

where adding or removing options could significantly impact the rankings. Every

time the list of alternatives is updated, the entropy weight is recalculated for all

criteria to ensure the impact of using objective weighting methods is also captured

and reflected in the results. Reference rankings are generated as benchmarks based

on the expectation that relative positions among the remaining alternatives should

remain the same.

3.1.5 Rank Coherence Analysis Against Other Methods

Rankings produced by NR-TOPSIS and COPRAS are compared with the aver-

age ranking from four methods identified in the literature review: EDAS, MABAC,

ARAS, and MARCOS. Each method was selected to represent a category of MCDM

based on the methodology employed. The rankings from these four methods are re-

produced from the research conducted by Pramanik et al. This comparative analysis

benchmarks the coherence of NR-TOPSIS and COPRAS against established methods,

further evaluating their performance. If the ranking produced by the chosen MCDM

method significantly differs from the results produced by other methods, decision-

makers might not have confidence in its ability to rank the alternatives accurately.

This multi-faceted experiment design aims to rigorously assess the effectiveness of

NR-TOPSIS and COPRAS in producing stable and accurate rankings. The insights

generated from these analyses will validate whether COPRAS is a suitable MCDM

method for data integration tool selection. Figure 4 depicts the overall flow of the

experiment.
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Figure 4: Experiment Flow and Components

3.1.6 Correlation Methods

Kendall’s Tau correlation coefficient (τ) is a measure of the correspondence be-

tween two rankings. Given two lists of rankings X and Y , the Kendall’s Tau coefficient

is defined as:

τ =
2

m(m− 1)

∑
i<j

sign(xi − xj) · sign(yi − yj) (35)

where m is the number of alternatives.

Spearman’s Rho correlation coefficient (ρ) is a non-parametric measure of rank
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correlation. It evaluates the effectiveness of a monotonic function in describing the

relationship between two variables.

ρ = 1− 6
∑

d2i
m(m2 − 1)

(36)

where di is the difference between the ranks of corresponding variables.

The associated p-value represents the probability that the observed data could

have occurred by random chance under the null hypothesis, which states that no

association exists between the two rankings (Pramanik et al., 2021).

3.2 Data Collection

Equipped with high-performance processors, smart mobile devices (SMDs) today

can be more capable of performing complex computations than computers. Mobile

crowd computing is a strategy of outsourcing certain computationally intensive tasks

to individual mobile devices. Harnessing the power of crowd computing reduces the

load on the central server and delivers faster services to end users. An example is

real-time traffic information, where the traffic condition is sourced and calculated on

each device, and aggregated insights are sent to other devices.

The Data Engineering Lab at the National Institute of Technology, Durgapur. has

collected device-level data on SMDs for the mobile crowd computing use case from

devices connected to their WI-FI network. The dataset contains 13 criteria with eight

of which are benefit types and five of which are cost types. The dataset presents a

total of 50 SMD alternatives. Pramanik et al. conducted their MCDM comparative

studies using four combinations of alternatives and criteria.

The smallest dataset contained ten alternatives and six criteria, and it will be
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used for this experiment. Table 1 displays the data as a decision matrix. The six

criteria are listed as follows: (+) denotes the benefit type (-) denotes the cost type

• (+) C1 CPU frequency (GHz): A higher CPU frequency indicates faster

processing and better performance.

• (+) C2 CPU cores (in numbers): Multiple cores can handle different pro-

cesses simultaneously.

• (+) C3 Total RAM (GB): More RAM improves multitasking capabilities

and overall responsiveness.

• (+) C4 Battery capacity (mAh): A higher capacity allows the device to

operate longer on a single charge.

• (+) C5 Battery availability (%): A higher percentage indicates the device

can be used for longer.

• (-) C6 CPU load (%): A high CPU load may slow down performance and

increase battery consumption.
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C1 C2 C3 C4 C5 C6

M5 1.3 8 1807 3000 10 13

M10 2.5 2 1767 4000 24 53

M15 2.2 8 1916 3000 11 19

M20 1.7 2 2855 4000 22 62

M25 1.5 4 2851 3500 31 71

M30 1.3 4 3537 3500 37 4

M35 1.3 8 2755 3000 92 1

M40 1.3 8 2690 4000 56 22

M45 2.5 8 2628 3500 69 94

M50 1.3 8 1753 4000 29 91

Table 1: Decision Matrix for the Selected Alternatives and Criteria

Table 2 shows the scenarios in the trade-off analysis. By switching the importance

of criteria (benefit and cost) in each experiment, one can observe how changes in

the prioritization of criteria affect the overall evaluation. According to the baseline

scenario (entropy), the CPU frequency is the most important criterion (0.3169), and

the CPU load is the least important (0.1075) in the evaluation of SMDs.

• Experiment 1 illustrates a situation where ensuring a device operates under

lower stress (CPU load) is prioritized over having a higher processing speed,

possibly to enhance battery life or device longevity.

• Experiment 2 illustrates a scenario where devices are expected to handle mul-

tiple processes simultaneously.

• Experiment 3 illustrates a scenario where efficient resource use and minimizing

stress on the processor take precedence over having more cores for parallel tasks.
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• Experiment 4 indicates a preference for longer battery life over the amount of

multitasking the device can handle.

C1 C2 C3 C4 C5 C6 Criteria Switched

Entropy 0.3169 0.1098 0.1602 0.1519 0.1538 0.1075 N/A

Exp 1 0.1075 0.1098 0.1602 0.1519 0.1538 0.3169 C1, C6

Exp 2 0.1098 0.3169 0.1602 0.1519 0.1538 0.1075 C1, C2

Exp 3 0.3169 0.1075 0.1602 0.1519 0.1538 0.1098 C2, C6

Exp 4 0.3169 0.1098 0.1519 0.1602 0.1538 0.1075 C3, C4

Table 2: Trade-off Analysis Weights based on Entropy Weights

In order to conduct the experiment using AHP weights, a criteria matrix based

on assumptions and subjective preference is introduced in Table 3. The consistency

ratio is 0.0944, which passes the requirement. The logic used to derive the relative

importance of each criterion can be summarized as follows:

• CPU load is the most important criterion because a heavily loaded device cannot

run any new processes, regardless of its other configurations.

• Battery availability is slightly more important than battery capacity because a

dead device is not useful.

• Multi-thread processing is preferred over high single-thread performance be-

cause most tasks are relatively simple to execute.

• Having more cores is preferred over having more RAM because most devices

appear to have sufficient RAM.
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C1 C2 C3 C4 C5 C6

C1 1 0.2 0.5 0.333 0.333 0.143

C2 5 1 4 0.5 0.5 0.25

C3 2 0.25 1 2 0.333 0.2

C4 3 2 0.5 1 0.5 0.25

C5 3 2 3 2 1 0.5

C6 7 4 5 4 2 1

Table 3: AHP Criteria Matrix based on Subjective Input
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4 Results and Discussion

All the ranking outcomes and correlation test results are shown in the tables and

figures under each analysis.

4.1 Rank Stability Analysis Using Different Weights

Figure 5: COPRAS Ranking Using Different Weights
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Figure 6: NR-TOPSIS Ranking Using Different Weights

C1 C2 C3 C4 C5 C6

Entropy 0.3169 0.1098 0.1602 0.1519 0.1538 0.1075

MW 0.1667 0.1667 0.1667 0.1667 0.1667 0.1667

SD 0.0005 0.0024 0.5477 0.3937 0.0238 0.0319

CRITIC 0.2023 0.1909 0.1281 0.2103 0.1034 0.1649

AHP 0.0443 0.1347 0.0826 0.1102 0.2101 0.4181

Table 4: Criteria Weights from Different Weighting Methods
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COPRAS NR-TOPSIS

Tau Rho Rank Change Tau Rho Rank Change

MW 0.69** 0.79** 12 0.47 0.60 22

SD 0.42 0.56 22 0.11 0.14 32

CRITIC 0.69** 0.78** 14 0.60* 0.77** 14

AHP 0.47 0.66* 18 -0.02 -0.01 36

Table 5: Correlation Test Results under Different Weight Scenarios

The comparative analysis began by evaluating the rank stability using different

weighting methods against the entropy method as a baseline. Both NR-TOPSIS and

COPRAS used the weights shown in Table 4 as inputs. The weights from different

weighting methods are noticeably different, which is well-suited for this analysis. In

Table 5, for COPRAS, the baseline ranking exhibited similarities relative to the results

under the mean weight and the CRITIC method. In contrast, NR-TOPSIS presented

less stability across all methods except for CRITIC, indicating its potential sensitivity

to the choice of weighting method. This is consistent with the expectation from the

literature, given that both the entropy and CRITIC methods derive their weights

from the variability within the decision matrix. In addition, the ranking changed 66

times in total for COPRAS and 104 times for NR-TOPSIS. Although the evidence is

not strong, the findings prove Hypothesis 1 that COPRAS showed higher consistency

across different weighting methods compared to NR-TOPSIS.

4.2 OAT Analysis

The OAT analysis, adjusting the weight of cost criterion C6, revealed that CO-

PRAS maintained rank stability significantly better than NR-TOPSIS as the weight
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Figure 7: OAT Analysis for COPRAS

deviated from the baseline of 50%. The stability of COPRAS (Figure 7) was par-

ticularly pronounced at the extremes (10% and 90%), where NR-TOPSIS (Figure 8)

experienced more substantial rank changes from Table 6. This suggests that COPRAS

could be more robust in scenarios where stakeholder preferences heavily weigh on a

particular cost criterion. This finding further confirms Hypothesis 2 that COPRAS

would demonstrate superior stability in ranking outcomes compared to NR-TOPSIS.
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Figure 8: OAT Analysis for NR-TOPSIS

COPRAS NR-TOPSIS

Weight Tau Rho Rank Change Tau Rho Rank Change

0.1 0.60* 0.76* 14 0.16 0.20 28
0.2 0.82** 0.92** 8 0.51* 0.64* 18
0.3 0.91** 0.98** 4 0.78** 0.90** 10
0.4 0.91** 0.98** 4 0.96** 0.99** 2
0.5 1** 1** 0 1** 1** 0
0.6 0.91** 0.98** 4 0.91** 0.96** 4
0.7 0.73** 0.89** 10 0.87** 0.95** 4
0.8 0.69** 0.85** 12 0.87** 0.95** 4
0.9 0.56* 0.73* 18 0.82** 0.94** 6

Table 6: OAT Analysis Results under Changing C6 Weight
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4.3 Trade-off Analysis

Figure 9: COPRAS Ranking from Trade-off Analysis
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Figure 10: NR-TOPSIS Ranking from Trade-off Analysis

COPRAS NR-TOPSIS

Tau Rho Rank Change Tau Rho Rank Change

Exp 1 0.56* 0.72* 14 -0.02 0.07 34
Exp 2 0.51* 0.67* 16 0.07 0.08 32
Exp 3 1.00** 1.00** 0 1.00** 1.00** 0
Exp 4 1.00** 1.00** 0 1.00** 1.00** 0

Table 7: Trade-off Analysis Results for COPRAS and NR-TOPSIS

Trade-off analysis explored the implications of swapping weights between benefit
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and cost criteria and between the most and least significant criteria. In Experiments

3 and 4, both COPRAS and NR-TOPSIS achieved perfect rank stability (Tau = 1.00,

Rho = 1.00, as shown in Table 7), indicating that swapping weights within these cri-

teria did not affect the final rankings. This is also expected, as shown in Table 2, the

weights that were swapped in Experiments 3 and 4 are more similar to each other as

compared to the weights swapped in Experiments 1 and 2. Nonetheless, in Experi-

ments 1 and 2, COPRAS showed moderate rank changes, while NR-TOPSIS exhibited

rank changes with very low correlation, pointing to its sensitivity to trade-offs within

the weighting structure. The overall rank changes from NR-TOPSIS (Figure 10)

doubled those from COPRAS (Figure 9). Hypothesis 3 is therefore confirmed as well.

4.4 Rank Reversal Analysis

Original Worst Ref Worst Median Ref Median Best Ref Best

10 10 10 11 11 11 11
5 6 5 7 6 6 6
6 5 6 6 7 7 7
8 8 8 9 9 9 9
7 7 7 8 8 8 8
3 3 3 3 3 4 4
1 1 1 1 1 2 2
4 4 4 4 4 5 5
2 2 2 2 2 3 3
9 9 9 10 10 10 10
NaN 11 11 5 5 1 1

Table 8: Alternative Addition Ranking for COPRAS

The rank reversal analysis tested the resilience of the MCDM methods to the

addition and removal of alternatives. COPRAS exhibited high rank stability when

alternatives were added or removed, with minor deviations from the original ranking.

While NR-TOPSIS remained mostly stable, the addition of the worst alternative led

to more significant rank changes (Table 9). Results from Table 12 and 13 imply that
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Original Worst Ref Worst Median Ref Median Best Ref Best

10 10 10 11 11 11 11
2 3 2 2 2 3 3
3 6 3 3 3 6 4
4 7 4 5 5 5 5
9 8 9 10 10 10 10
7 5 7 8 8 8 8
6 2 6 7 7 7 7
5 4 5 6 6 4 6
1 1 1 1 1 2 2
8 9 8 9 9 9 9
NaN 11 11 4 4 1 1

Table 9: Alternative Addition Ranking for NR-TOPSIS

Original Worst Ref Worst Median Ref Median Best Ref Best

10 9 9 6 9
5 6 5 5 4
6 5 6 5 5 4 5
8 9 8 6 7 9 7
7 8 7 7 6 7 6
3 3 3 3 3 1 2
1 1 1 1 1
4 4 4 4 4 3 3
2 2 2 2 2 2 1
9 7 9 8 8 8 8

Table 10: Alternative Removal Ranking for COPRAS

Original Worst Ref Worst Median Ref Median Best Ref Best

10 9 9 9 9
2 2 2 2 2 1 1
3 3 3 3 3 2 2
4 6 4 6 4 3 3
9 9 9 7 8 8 8
7 7 7 5 6 6 6
6 4 6 5 5
5 5 5 4 5 4 4
1 1 1 1 1
8 8 8 8 7 7 7

Table 11: Alternative Removal Ranking for NR-TOPSIS
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Tau Rho Rank Change

Add Worst 0.96** 0.99** 2
Add Median 0.96** 0.99** 2
Add Best 1.00** 1.00** 0
Remove Worst 0.87** 0.95** 6
Remove Median 0.96** 0.99** 2
Remove Best 0.73** 0.89** 10

Table 12: Rank Reversal Analysis for CORPAS

Tau Rho Rank Change

Add Worst 0.67** 0.81** 16
Add Median 1.00** 1.00** 0
Add Best 0.89** 0.96** 4
Remove Worst 0.87** 0.95** 4
Remove Median 0.87** 0.95** 6
Remove Best 1.00** 1.00** 0

Table 13: Rank Reversal Analysis for NR-TOPSIS

COPRAS can better maintain decision integrity when the alternative set changes.

NR-TOPSIS performed the best when its highest-ranked alternative was removed

(Table 11), while it was the opposite for COPRAS. This suggests that NR-TOPSIS

could be the more stable MCDM method if the decision-making scenario consistently

necessitates the removal of the best alternative. Nonetheless, reviewing the test results

holistically, COPRAS remains the better candidate, as stated in Hypothesis 4.

4.5 Rank Coherence Analysis Against Other MCDM Methods

In the rank coherence analysis, comparing COPRAS and NR-TOPSIS to the av-

erage rankings of EDAS, ARAS, MABAC, and MARCOS, COPRAS aligned more

closely with the composite ranking and thus with the average of the other established

MCDM methods. COPRAS’ Tau is 0.86** and Rho is 0.95** , whereas NR-TOPSIS’

Tau is 0.51* and Rho is 0.62. From both the correlation test results and looking
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EDAS ARAS MABAC MARCOS Comp Rank COPRAS NR-TOPSIS

9 10 10 8 10 10 10
6 5 2 2 3 5 2
5 6 5 3 6 6 3
7 8 7 10 8 8 4
8 7 8 7 7 7 9
4 4 6 4 5 3 7
1 1 4 1 1 1 6
3 3 3 9 4 4 5
2 2 1 5 2 2 1
10 9 9 6 9 9 8

Table 14: Comparative Ranking Analysis for CORPAS and NR-TOPSIS

at ranking results directly, NR-TOPSIS showed less agreement with the composite

ranking, especially when considering the results provided by EDAS and MARCOS,

see Table 14. Usually, the decision revolves around picking the best alternative. In

this case, COPRAS’ top-ranked alternative aligned with both the composite rank-

ing and with three out of the four methods. Conversely, NR-TOPSIS’ top-ranked

alternative aligns only with that of MABAC. Even though EDAS and TOPSIS are

both distance-based methods, their ranking outcomes are quite different. This could

indicate that COPRAS may offer results more in line with a broader consensus across

different MCDM methodologies. Hypothesis 5 is validated.

4.6 Summary

The comparative analysis has shed light on the strengths and limitations of CO-

PRAS and NR-TOPSIS when subjected to varying weights and decision-making sce-

narios. The results outlined in these sections demonstrate distinct characteristics of

each method, offering insight into their potential application in a case study context.

COPRAS exhibited moderate rank stability across various weighting methods,
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with the most consistency observed when compared to the mean weight and the

CRITIC method. Its robustness is further highlighted in the OAT analysis, where it

maintained stability even with substantial weight changes to the cost criterion. It also

showed high immunity to rank reversals when alternatives were added or removed.

COPRAS’ alignment with other established MCDM methods underscores its relia-

bility and potential to reflect broader decision-making trends. Although generally

stable, it exhibited some rank changes upon swapping the benefit and cost criteria

weights, suggesting a degree of sensitivity to trade-offs.

NR-TOPSIS showed acceptable stability when criteria weights were derived using

the CRITIC method. Removing the highest-ranked alternative also yielded stable

ranking, indicating its usefulness in dynamic environments that frequently remove

top alternatives. It also exhibited significant rank changes in several scenarios, sug-

gesting its sensitivity to the choice of weighting method and the addition or removal

of alternatives. Its agreement with composite rankings from other MCDM methods

was less than COPRAS, which may limit its applicability when consensus is critical.

The findings from the various analyses supported the hypotheses that COPRAS

would outperform NR-TOPSIS in terms of rank stability and coherence with other

MCDM methods. The experimental results validated the following hypotheses:

• H1: COPRAS shows higher consistency across different weighting methods.

• H2: COPRAS demonstrates superior stability in ranking outcomes.

• H3: COPRAS offers fewer rank changes in trade-off scenarios.

• H4: COPRAS maintains better decision integrity with changing alternative

sets.

• H5: COPRAS aligns more with the broader MCDM consensus, as shown in the
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rank coherence analysis.

The upcoming case study will leverage these insights, particularly focusing on

the robustness of COPRAS in a practical decision-making environment. It will ex-

plore how COPRAS handles real-world challenges and stakeholder preferences, and

whether the theoretical advantages observed hold true in the context of selecting data

integration tools.
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5 Case Study: Choosing a Data Integration Tool

5.1 Introduction

5.1.1 Background

Five years ago, two college students from GWU started an e-commerce company

called EcoQu, which sells t-shirts sourced from sustainable means. Over the past

few years, the company has grown substantially, and now it has over a million cus-

tomers worldwide, boosting the sale of a wide range of eco-friendly products. Data

integration was never an issue before, given that all the data was exchanged through

emails with marketing agencies and suppliers. However, due to its growth, manually

managing all the suppliers, marketing channels, and product information has become

increasingly difficult. Human errors and miscommunications have led to significant

revenue losses due to miscalculated vendor payouts and misreported inventory data.

The management recognized that they face several intricate challenges in integrating

vast and varied data streams. The introduction to this case study outlines the neces-

sity of employing robust data integration tools to navigate these challenges effectively.

5.1.2 Data Integration Needs

The key decision-makers have come together and identified the following data

integration needs to enable the company to continue growing sustainably:

• Unified Customer View: EcoQu needs to integrate customer data across

multiple platforms to create a unified view of customer interactions, preferences,

and purchase history to enhance personalized marketing and customer service.
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• Supply Chain Optimization: Integrating data from suppliers, logistics part-

ners, and inventory systems to optimize supply chain operations, reduce waste,

and ensure timely delivery of products.

• Marketing Analytics: Combining data from various marketing channels, in-

cluding social media, email campaigns, and online ads, to analyze the effective-

ness of marketing strategies and adjust them in real-time.

• Product Feedback and Improvement: Aggregating customer feedback and

product reviews from multiple sources to inform product development and im-

prove customer satisfaction.

The data engineering team also conducted market research to seek data integra-

tion solutions. Based on their experience, research, and guidance from legal and

management, they shortlisted five data integration tools: AWS Glue, Fivetran, Tal-

end, Matillion, and in-house solutions. Each tool presents unique advantages and

challenges, making the selection process challenging yet critical to the company’s

success.

5.1.3 Objective

This fictional case study presents a realistic business scenario demanding real so-

lutions to data integration challenges. The objective of this case study is to illustrate

how the proposed MCDM framework can systematically evaluate the aforementioned

data integration tools against the business’ specific requirements. The five alterna-

tives listed here are also intended to represent the vast array of data integration tools

currently on the market. AWS Glue represents products as being part of a larger

ecosystem (AWS). Fivetran is the market leader. Talend is open source. Matillion is
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an emerging market player. In-house solutions represent the path that many technol-

ogy companies take.

5.2 Description of Alternatives

• AWS Glue is a managed service provided by Amazon Web Services that han-

dles the ETL process to streamline data preparation. It simplifies the task of

gathering data from different locations and converting it into a format for analy-

sis. This service is especially beneficial for businesses leveraging the AWS cloud

platform to merge their data without dealing with infrastructure management.

• Fivetran is a cloud-centric solution that specializes in automating data in-

tegration. It can set up and connect many data pipelines to sources where

business information resides, such as Salesforce for customer details or Stripe

for payment records. It caters to organizations seeking connectors with simple

deployment processes.

• Talend provides a wide range of data integration services with great flexibility.

It stands out as a tool that empowers companies to construct workflows for

managing their data operations. While setting up Talend may require more

expertise than AWS Glue or Fivetran, it allows for customizations that suit

organizations with diverse and sophisticated data needs.

• Matillion stands out as an ETL tool designed for cloud-based data warehouses,

such as Snowflake, Amazon Redshift, and Google BigQuery. Its key advantages

are its performance and user friendly interface tailored for cloud environments.

This feature is valuable for growing businesses wishing to enhance their data

infrastructure in response to pressing data needs.

• In-house-developed tools are fully custom solutions built by companies to
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fulfill their unique data integration needs. Organizations with unique data se-

tups that off-the-shelf software cannot accommodate may find these solutions

ideal. However, this approach may require investments of time and technical

resources for the development and ongoing maintenance of the tools.

Tool Overview Features & Capabilities

AWS Glue Fully managed ETL

service by AWS

Serverless operation, auto-

matic schema discovery, Data

Catalog

Fivetran Automated data inte-

gration tool

Extensive prebuilt connectors,

automated schema migrations

Talend Open-source and com-

mercial data integra-

tion software

Data quality, governance, ex-

tensive connectivity

Matillion ETL solution opti-

mized for cloud data

warehouses

Cloud-native, visual job de-

signer, pre-built components

In-House Tools Custom-built software

solutions for specific

needs

Tailored functionality, flexibil-

ity in development and inte-

gration

Table 15: Overview and Features & Capabilities
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Tool Advantages Limitations

AWS Glue Easy AWS integration, scal-

able

Costly for large data volumes,

AWS ecosystem limited

Fivetran Wide connector library, ease

of automation

High scaling cost, some cus-

tom setup needed

Talend Powerful, flexible, strong com-

munity support

Steep learning curve,

resource-intensive

Matillion Optimized for cloud, user-

friendly

Focused on cloud environ-

ments, additional tools may

be needed

In-House Tools Complete control, optimized

for specific workflows

High development and main-

tenance resources, technology

upkeep challenge

Table 16: Advantages and Limitations

Tool Unified

Customer

View

Supply

Chain Op-

timization

Marketing

Analytics

Product

Feedback

Integra-

tion

AWS Glue High High Moderate Moderate

Fivetran High Moderate High Moderate

Talend Moderate High High High

Matillion Moderate High Moderate Moderate

In-House Tools Customizable Customizable Customizable Customizable

Table 17: Relevance to EcoQu’s Data Integration Needs
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5.3 Decision Criteria

In the context of EcoQu’s operation needs, the selection of a data integration tool

is assessed based on six key criteria. Notably, some criteria listed in Chapter 1 were

not included. This is because some criteria, such as security and policy, are non-

negotiable. Most of the tools in the market are well-equipped to deal with evolving

privacy policies and cyberattacks. Therefore, the following six criteria are selected to

represent the common factors as proposed by previous research on evaluating data

integration tools (Alpoim et al., 2019).

• Cost: The expense associated with a data integration tool is critical to a com-

pany at its growth stage. This includes evaluating both the initial investment

and the long-term financial commitment. Normally, big data tools can provide

custom enterprise pricing to businesses.

• Performance: The chosen tool must not only meet EcoQu’s current data

processing demands but also fulfill its future needs. Switching tools can be

costly in terms of money and lost business opportunities. The tool needs to

scale in line with the company’s growth trajectory. Performance is measured

in terms of processing speed, data throughput, and the tool’s resilience under

high-load scenarios.

• Ease of Use: Given EcoQu’s current challenges, the business needs to pick

a tool and get it running quickly. This criterion measures the difficulty of

onboarding all potential users and enabling them to overcome the challenges

of data integration. EcoQu should prioritize tools with intuitive interfaces and

streamlined workflows.

• Integration Capabilities: The ability to integrate easily with an array of

data sources is critical. EcoQu requires a tool that can effortlessly connect with
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existing databases, third-party applications from suppliers and agencies, and

various other data endpoints to streamline its business operations.

• Customizability: The tool must offer flexible solutions that can be tailored

to the company’s specific needs. Given that EcoQu works with a unique set of

suppliers and consumers, this criterion determines whether the unique workflows

and data processes can be adequately supported.

• Support and Community: Regardless of the quality of a tool’s construction,

users are bound to uncover new issues and face challenges. Access to robust

client support or a well-established user community provides EcoQu with the

necessary resources to reduce friction in adopting the new tool.

This structured approach to criteria selection lays the groundwork for a compre-

hensive MCDM analysis that is aligned with EcoQu’s strategic goals.

5.4 Methodology

5.4.1 MCDM Framework

The previously proposed COPRAS methodology will be used as the decision-

support framework, and the entropy method will be used as the weighting method.

After the initial ranking results are produced, a rank reversal analysis will also be

conducted. The earlier chapters emphasized that the application of MCDM methods

in data tool selection must account for the potential introduction of new tools or the

obsolescence of existing ones. In this scenario, a marginally superior alternative will

be introduced, and the lowest-ranked alternative will be removed. This would allow

decision-makers to test the validity and robustness of the ranking outcomes.
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5.4.2 Data Collection

Gathering quantitative data for the chosen criteria presents a notable challenge.

The predefined criteria might not have direct measures that can be collected objec-

tively. As a result, this process collects insights from industry practitioners, product

experts, and vendor support engineers. While many objective metrics are available,

such as the number of supported connectors, these are often not relevant to decision-

makers as the product usually offers more than the business requirement demands.

Therefore, the construction of the decision matrix involves comprehensive product

research, allowing for assigning relative scores (ranging from 1 to 5) to each attribute.

These scores reflect each tool’s comparative advantage (or disadvantage) within the

selection pool, with higher scores indicating superior performance for beneficial crite-

ria and lower scores for cost criteria. The goal is to mitigate subjective bias as much

as possible, highlighting the importance of an objective weighting method in this

context. Scores presented below are derived from researching online resources, user

interviews, and expert reviews, with the specific justifications for each score noted on

the side. Cost is considered a cost-type criterion, while the other five criteria are all

benefit types.

Tool Score Reason

AWS Glue 3 AWS services can be cost-effective but may become ex-

pensive at scale

Fivetran 4 Known for high scaling costs

Talend 2 Open-source options can be cost-effective

Matillion 3 Optimized for cloud but costs accumulate with usage

In-House Tools 5 High initial development and ongoing maintenance costs

Table 18: Cost Comparison
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Tool Score Reason

AWS Glue 4 Scalable and robust within the AWS ecosystem

Fivetran 4 Efficient data replication

Talend 4 Powerful and flexible, suitable for complex scenarios

Matillion 3 Optimized for cloud data warehouses

In-House Tools 3 Performance can be highly variable

Table 19: Performance Comparison

Tool Score Reason

AWS Glue 3 Easy within AWS, but requires AWS knowledge

Fivetran 4 Designed for ease of use and automation

Talend 2 Powerful but steep learning curve

Matillion 4 User-friendly interface

In-House Tools 2 Depends on the quality of in-house development

Table 20: Ease of Use Comparison

Tool Score Reason

AWS Glue 4 Excellent within the AWS environment

Fivetran 5 Extensive pre-built connectors

Talend 5 Extensive connectivity options

Matillion 4 Good integration with major cloud data warehouses

In-House Tools 3 Can be tailored but requires additional work

Table 21: Integration Capabilities Comparison
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Tool Score Reason

AWS Glue 3 Some flexibility within AWS services

Fivetran 2 Limited to the capabilities of the connectors

Talend 5 Highly customizable

Matillion 3 Some level of customization

In-House Tools 5 Fully customizable to business needs

Table 22: Customizability Comparison

Tool Score Reason

AWS Glue 5 Backed by AWS support and extensive community

Fivetran 3 Growing community, some support limitations

Talend 4 Strong community and open-source support

Matillion 3 Limited by the size of the user base

In-House Tools 2 Dependent on in-house expertise

Table 23: Support and Community Comparison

C1 C2 C3 C4 C5 C6

AWS Glue 3 4 3 4 3 5

Fivetran 4 4 4 5 2 3

Talend 2 4 2 5 5 4

Matillion 3 3 4 4 3 3

In-House 5 3 2 3 5 2

Table 24: Decision Matrix for Data Integration Alternatives
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5.5 Results and Analysis

Criteria Weight

Cost 0.1244

Performance 0.2202

Ease of Use 0.2390

Integration Capabilities 0.1206

Customizability 0.1526

Support and Community 0.1433

Table 25: Criteria Weights for Data Integration Tools

The findings from the analysis revealed the nuanced nature of decision-making in

selecting data integration tools. Initial assumptions about the importance of criteria

like cost or performance may not align with the insights derived from a methodical,

data-driven approach of MCDM. The analysis showed that "Ease of Use," contrary to

intuitive expectations, held significant weight, as shown in Table 25. This insight val-

idates the MCDM method’s utility in uncovering new information and demonstrates

its value in facilitating a more informed selection process.

Interestingly, the final ranking in Table 26 revealed Talend as the preferred option

despite its lower score in "Ease of Use." This result can be justified by Talend’s consis-

tent performance across other benefit criteria and the cost criterion. This observation

highlights the importance of using MCDM to evaluate all criteria comprehensively.

Scoring high or low on a single important criterion does not dictate the overall rank-

ing.

Matillion might appear to be a great choice at first due to its balanced profile

and high score in "Ease of Use." However, the ranking suggests that its relatively
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mediocre performance across the spectrum of criteria considered does not make it a

preferred option.

To validate the stability of the ranking, a slightly more user-friendly alternative

compared to Talend was introduced in the decision set. Conversely, the worst choice

was removed from the set, which is a highly plausible scenario given that the in-house

engineering team might have shifting priorities and would need to deprioritize this

project. In both cases, the ranking remained stable as shown in Table 26. These

findings reaffirm the proposed MCDM framework’s resilience in reflecting consistent

and logical decision outcomes even as the decision context is altered. This aspect

of rank reversal validation is crucial, ensuring that the decision-making framework

remains robust against changes in the set of alternatives or criteria weights, thereby

reinforcing confidence in the methodological approach and its outcomes.

Alternative Original Add Best Ref Best Rm Worst Ref Worst

AWS Glue 2 3 3 2 2

Fivetran 3 4 4 3 3

Talend 1 2 2 1 1

Matillion 4 5 5 4 4

In-House 5 6 6 - -

Superior - 1 1 - -

Table 26: Ranking Reversal Analysis for Data Integration Tools

5.6 Recommendation

Utilizing MCDM in choosing the data integration tool for EcoQu, Talend is rec-

ommended as the best alternative to fulfill its current data integration needs and
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align with its long-term data infrastructure strategy.

In summary, the MCDM’s application to this selection process facilitated a suc-

cessful, comprehensive tool evaluation process. Through this demonstration, decision-

makers in the big data domain can be convinced that they are provided with a useful

framework to navigate the complexities inherent in selecting data integration tools.
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6 Conclusion and Future Directions

This research compared COPRAS and NR-TOPSIS within the context of data

integration tool selection. Through experiments and a case study with real-world

examples, this research investigated the theoretical aspects of these MCDM methods

and demonstrated their applicability and effectiveness. The proposed methodology

of combining COPRAS and the entropy method could help enterprises reduce uncer-

tainties in choosing the right data technology.

The findings suggested that COPRAS is a more reliable MCDM framework than

NR-TOPSIS. When rank stability, trade-off, rank reversal, and rank coherence anal-

yses were examined, COPRAS was more stable, consistent, and aligned with other

MCDM methods. It has proven itself to be a helpful decision-support tool that can

be adopted for evaluating data integration technologies.

While this study focused on comparative analysis and the application of MCDM

to selecting data integration tools, future research is encouraged to explore various

directions:

• Hybrid MCDM Models: Future studies could investigate the potential of

combining COPRAS with other MCDM or weighting methods.

• Broader Application: Expanding the application of MCDM to other areas

of big data where stakeholders face challenging decision-making scenarios.

• Empirical Validations: Conducting case studies with real businesses would

enrich the empirical evidence supporting the proposed MCDM framework and

uncover new challenges and solutions.

In conclusion, this thesis revealed the comparative advantages of COPRAS over
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NR-TOPSIS and illustrated the practical application of MCDM methodologies in

navigating the complex landscape of big data technologies. By highlighting the theo-

retical underpinnings and practical relevancy of MCDM, this research paves the way

for future studies intending to improve decision-making processes in the ever-evolving

domain of data engineering.
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valdyti statybos sektorių krizės laikotarpiu palyginamoji analizė taikant copras

metodą. Journal of Business Economics and Management , 12 , 417-434. doi:

10.3846/16111699.2011.575190

Kizielewicz, B., Shekhovtsov, A., & Sałabun, W. (2023). pymcdm—the univer-

sal library for solving multi-criteria decision-making problems. SoftwareX , 22 ,

101368.

Krishna, M. R., Kumar, S. D., Ezilarasan, C., Sudarsan, P. V., Anandan, V.,

Sivaprakasam, P., & Veerasundaram, J. (2022). Application of moora amp;

copras integrated with entropy method for multi-criteria decision making in

dry turning process of nimonic c263. Manufacturing Review , 9 , 20. doi:

10.1051/mfreview/2022014

Laganà, I. R., & Colapinto, C. (2022). Multiple criteria decision-making in healthcare

and pharmaceutical supply chain management: a state-of-the-art review and

implications for future research. Journal of Multi-Criteria Decision Analysis ,

29 , 122-134. doi: 10.1002/mcda.1778

72



Lakshmi, T., Venkatesan, V., & Martin, A. (2016). An identification of better

engineering college with conflicting criteria using adaptive topsis. Interna-

tional Journal of Modern Education and Computer Science, 8 , 19-31. doi:

10.5815/IJMECS.2016.05.03

Li, X., Peng, Y., Guo, Y., Wang, W., & Song, X. (2023). An integrated simulation

and AHP-entropy-based NR-TOPSIS method for automated container terminal

layout planning. Expert Systems with Applications , 225 , 120197. Retrieved from

https://www.sciencedirect.com/science/article/pii/S0957417423006991

doi: https://doi.org/10.1016/j.eswa.2023.120197

Lu, H., Zhao, Y., Zhou, X., & Wei, Z. (2022). Selection of agricultural machinery

based on improved critic-entropy weight and gra-topsis method. Processes , 10 ,

266. doi: 10.3390/pr10020266

Madenoğlu, F. S., ÜNLÜSOY, O. F., & YILMAZ. (2022). Performance evalua-

tion of energy companies with a novel integrated multi-criteria decision making

method. Kafkas Üniversitesi İktisadi Ve İdari Bilimler Fakültesi Dergisi , 13 ,

640-658. doi: 10.36543/kauiibfd.2022.027

Mahajan, K., & Gokhale, L. A. (2017). Significance of digital data visualization tools

in big data analysis for business decisions. International Journal of Computer

Applications , 165 , 15-18. doi: 10.5120/ijca2017913858

Mardani, A., Jusoh, A., Nor, K. M., Khalifah, Z., Zakwan, N. M., & Valipour, A.

(2015). Multiple criteria decision-making techniques and their applications –

a review of the literature from 2000 to 2014. Economic Research-Ekonomska

Istraživanja, 28 , 516-571. doi: 10.1080/1331677x.2015.1075139

Mishra, A. R. (2022). Fermatean fuzzy copula aggregation operators and similarity

measures-based complex proportional assessment approach for renewable en-

ergy source selection. Complex Amp; Intelligent Systems , 8 , 5223-5248. doi:

10.1007/s40747-022-00743-4

73



Mitra, S., & Goswami, S. S. (2019). Application of simple average weighting opti-

mization method in the selection of best desktop computer model. Advanced

Journal of Graduate Research, 6 , 60-68. doi: 10.21467/ajgr.6.1.60-68

Mohammed, H. J., Kasim, M. M., & Shaharanee, I. N. (2018). Evaluation of e-

learning approaches using ahp-topsis technique. Journal of Telecommunication,

Electronic and Computer Engineering (JTEC), 10 (1-10), 7–10.

Mohapatra, S., Bilgaiyan, S., & Mishra, B. (2022, September). Multi-

Criteria Decision-Making Methods for Large Scale DataBase. In

2022 Second International Conference on Computer Science, Engineer-

ing and Applications (ICCSEA) (pp. 1–7). Retrieved 2024-03-28, from

https://ieeexplore.ieee.org/document/9936205 doi: 10.1109/ICC-

SEA54677.2022.9936205

Mousavi-Nasab, S. H., & Sotoudeh-Anvari, A. (2017, May). A com-

prehensive MCDM-based approach using TOPSIS, COPRAS and

DEA as an auxiliary tool for material selection problems. Ma-

terials & Design, 121 , 237–253. Retrieved 2024-03-27, from

https://www.sciencedirect.com/science/article/pii/S0264127517301697

doi: 10.1016/j.matdes.2017.02.041

Mousavi-Nasab, S. H., & Sotoudeh-Anvari, A. (2018). A new multi-criteria decision

making approach for sustainable material selection problem: A critical study

on rank reversal problem. Journal of Cleaner Production, 182 , 466-484. doi:

10.1016/J.JCLEPRO.2018.02.062

Nabavi, S. R., Wang, Z., & Rangaiah, G. P. (2023). Sensitivity analysis of multi-

criteria decision-making methods for engineering applications. Industrial Amp;

Engineering Chemistry Research, 62 , 6707-6722. doi: 10.1021/acs.iecr.2c04270

Okponyia, K., & Oke, S. (2021). Novel edas-taguchi and edas-taguchi-pareto meth-

ods for wire edm process parametric selection of ni55.8ti (nitinol) shape memory

74



alloy. International Journal of Industrial Engineering and Engineering Manage-

ment , 3 , 105-122. doi: 10.24002/ijieem.v3i2.4998

Panjwani, S., Kumar, S. N., & Ahuja, L. (2019). Multi-criteria decision making and

its applications. International Journal of Innovative Technology and Exploring

Engineering , 8 , 149-153. doi: 10.35940/ijitee.i1122.0789s419

Patel, A., Jha, S., Soni, R., & Fuse, K. (2020, April). Comparative study of MCDM

Techniques COPRAS and TOPSIS for selection of Electric Motorcycles. In (pp.

54–59). doi: 10.1109/ICIEA49774.2020.9101932

Pramanik, P. K. D., Biswas, S., Pal, S., Marinković, D., & Choudhury, P. (2021,

September). A Comparative Analysis of Multi-Criteria Decision-Making Meth-

ods for Resource Selection in Mobile Crowd Computing. Symmetry , 13 (9), 1713.

Retrieved 2024-03-23, from https://www.mdpi.com/2073-8994/13/9/1713

doi: 10.3390/sym13091713

Punetha, N., & Jain, G. (2024, February). Integrated shannon en-

tropy and COPRAS optimal model-based recommendation framework.

Evolutionary Intelligence, 17 (1), 385–397. Retrieved 2024-03-27, from

https://doi.org/10.1007/s12065-023-00886-4 doi: 10.1007/s12065-023-

00886-4

Rahim, N., Abdullah, L., & Yusoff, B. (2020). A border approximation area approach

considering bipolar neutrosophic linguistic variable for sustainable energy selec-

tion. Sustainability , 12 , 3971. doi: 10.3390/su12103971

Saaty, T. L., & Ergu, D. (2015). When is a decision-making method trustworthy?

criteria for evaluating multi-criteria decision-making methods. International

Journal of Information Technology Amp; Decision Making , 14 , 1171-1187. doi:

10.1142/s021962201550025x

Salinas, S. E. (2018). A multi-attribute decision making model for selection of cy-

bersecurity candidates in an rd organization (Praxis). The George Washington

75



University, Washington, D.C..

Salma, C. A., Tekinerdoğan, B., & Athanasiadis, I. N. (2016). Feature driven survey

of big data systems. Proceedings of the International Conference on Internet of

Things and Big Data. doi: 10.5220/0005877503480355

Sałabun, W., Wątróbski, J., & Shekhovtsov, A. (2020, September). Are MCDA Meth-

ods Benchmarkable? A Comparative Study of TOPSIS, VIKOR, COPRAS, and

PROMETHEE II Methods. Symmetry , 12 (9), 1549. Retrieved 2024-03-23, from

https://www.mdpi.com/2073-8994/12/9/1549 doi: 10.3390/sym12091549

Setyono, R. P., & Sarno, R. (2020). Comparative method of moora, copras and

topsis based on weighting of best worst method in supplier selection at abc

mining companies in indonesia. Indonesian Journal of Electrical Engineering

and Computer Science, 19 , 890-899. doi: 10.11591/ijeecs.v19.i2.pp890-899

Shen, S. (2021). A modified topsis method with improved rank stability and method

consistency for multi-criteria decision analysis (Praxis). The George Washing-

ton University, Washington, D.C..

Siregar, Y., Zakir, A., Syahputri, N., Harahap, H., & Handoko, D. (2023). Analysis

of decision support systems edas method in new student admission selection.

Journal of Computer Networks Architecture and High Performance Computing ,

5 , 251-262. doi: 10.47709/cnahpc.v5i1.2057

Solomon, T. (2017). Ranking of cloud service providers using a dynamic topsis model

for provisioning of enterprise it infrastructure in the cloud (Praxis). The George

Washington University, Washington, D.C..

Stewart, A. (2022). Application of topsis to ranking of static analysis tools for cyber-

security (Praxis). The George Washington University, Washington, D.C..

The Economist. (2017). The world’s most valuable resource is no

longer oil, but data. The Economist . Retrieved 2024-03-25, from

https://www.economist.com/leaders/2017/05/06/the-worlds-most-

76



valuable-resource-is-no-longer-oil-but-data?

Toloie-Eshlaghy, A., & Homayonfar, M. (2011). MCDM Methodologies and Applica-

tions: A Literature Review from 1999 to 2009. (21).

Top 7 Data Integration Challenges and Solutions. (2023, December). Retrieved 2024-

03-25, from https://www.dckap.com/blog/data-integration-challenges/

(Running Time: 1430 Section: General)

Torres, D., & Normando, D. (2021). Biostatistics: essential concepts for the

clinician. Dental Press Journal of Orthodontics , 26 . doi: 10.1590/2177-

6709.26.1.e21spe1

Trung, N. Q., & Thanh, N. V. (2022). Evaluation of digital marketing technolo-

gies with fuzzy linguistic mcdm methods. Axioms , 11 , 230. doi: 10.3390/ax-

ioms11050230

Tuck, M. (2023, February). The 2023 MAD (Machine Learning, Ar-

tificial Intelligence & Data) Landscape. Retrieved 2024-03-27, from

https://mattturck.com/mad2023/ (Section: AI)

Tuş, A., & Aytaç Adalı, E. (2019, June). The new combination with

CRITIC and WASPAS methods for the time and attendance software selec-

tion problem. OPSEARCH , 56 (2), 528–538. Retrieved 2024-03-23, from

https://doi.org/10.1007/s12597-019-00371-6 doi: 10.1007/s12597-019-

00371-6

Ulutaş, A., Stanujkić, D., Karabašević, D., Zavadskas, E. K., Smarandache, F., &

Brauers, W. K. (2021). Developing of a novel integrated mcdm multimoosral ap-

proach for supplier selection. Informatica, 145-161. doi: 10.15388/21-infor445

Volk, M., Bischoff, D., Staegemann, D., & Turowski, K. (2020). Applying Multi-

Criteria Decision-Making for the Selection of Big Data Technologies.

Wang, L. (2017). Based on the technological analysis of big data security and pri-

vacy protection technology. Proceedings of the 2017 7th International Confer-

77



ence on Education, Management, Computer and Society (EMCS 2017). doi:

10.2991/emcs-17.2017.117

Wang, Q., Liu, Y., Zhang, X., Fu, H., Lin, S., Song, S., & Niu, C. (2020). Study

on an ahp-entropy-anfis model for the prediction of the unfrozen water content

of sodium-bicarbonate-type salinization frozen soil. Mathematics , 8 , 1209. doi:

10.3390/math8081209

Webster, J. D., & Dunstan, R. W. (2013). Whole-slide imaging and automated image

analysis. Veterinary Pathology , 51 , 211-223. doi: 10.1177/0300985813503570

Xu, X., Shi, H., Zhang, L., & Liu, H. (2019). Green supplier evaluation and se-

lection with an extended mabac method under the heterogeneous information

environment. Sustainability , 11 , 6616. doi: 10.3390/su11236616

Yah Jusoh, Y. (2014). Open Source Software Selection Using an Analyt-

ical Hierarchy Process (AHP). American Journal of Software En-

gineering and Applications , 3 (6), 83. Retrieved 2024-03-28, from

http://www.sciencepublishinggroup.com/journal/paperinfo.aspx?

journalid=137doi=10.11648/j.ajsea.20140306.13 doi:

10.11648/j.ajsea.20140306.13

Yang, W. (2020, January). Ingenious Solution for the Rank Reversal Problem of TOP-

SIS Method. Mathematical Problems in Engineering , 2020 , 1–12. Retrieved

2024-03-23, from https://www.hindawi.com/journals/mpe/2020/9676518/

doi: 10.1155/2020/9676518

Yoon, K. P., & Hwang, C. (1995). Topsis. In Multiple attribute de-

cision making (pp. 39–45). SAGE Publications, Inc. Retrieved from

https://doi.org/10.4135/9781412985161 doi: 10.4135/9781412985161

Yusuf, H., Yang, K. L., & Panoutsos, G. (2021). Fuzzy multi-criteria decision-making:

example of an explainable classification framework. Advances in Intelligent

Systems and Computing , 15-26. doi: 10.1007/978-3-030-87094-2_2

78



Zhu, H. (2021). Decision-making framework of supply chain service innovation based

on big data. Business Intelligence and Information Technology , 817-825. doi:

10.1007/978-3-030-92632-8_77

Özcan, S., & Çelik, A. (2021). A comparison of topsis, grey relational analysis and

copras methods for machine selection problem in the food industry of turkey.

doi: 10.4995/ijpme.2021.14734

79



7 Appendix

7.1 Additional Experiment Data

C1 C2 C3 C4 C5 C6

M1 2.2 2 895 2700 15 92
M2 1.5 4 3831 4000 39 16
M3 1.5 2 2694 2700 12 44
M4 1.3 8 518 4000 11 89
M5 1.3 8 1807 3000 10 13
M6 1.7 2 1982 3000 68 64
M7 2.5 2 3857 3500 18 60
M8 2.5 4 558 4000 56 99
M9 1.7 2 1908 2700 57 26
M10 2.5 2 1767 4000 24 53
M11 2.5 2 2853 4000 94 53
M12 2.2 2 3535 2700 24 26
M13 2.2 8 1734 3500 50 19
M14 1.5 8 2954 3000 59 15
M15 2.2 2 1916 3000 11 19
M16 1.3 2 870 2700 90 44
M17 1.5 4 2911 3500 17 18
M18 1.7 8 3876 4000 63 4
M19 1.3 4 944 2700 72 62
M20 1.7 2 2855 4000 22 62
M21 1.3 4 2973 3500 18 78
M22 1.5 8 3521 4000 22 42
M23 1.3 4 1734 3500 84 95
M24 2.5 2 3986 3000 16 8

Table 27: Decision Matrix for Additional Alternatives Part 1
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C1 C2 C3 C4 C5 C6

M25 1.5 4 2851 3500 31 71
M26 1.7 4 2983 3000 50 61
M27 2.2 2 1932 4000 87 57
M28 2.5 2 972 4000 87 77
M29 1.3 2 2579 4000 16 69
M30 1.3 4 3537 3500 37 4
M31 2.5 2 809 2700 89 70
M32 1.3 4 3769 3500 56 5
M33 1.3 8 799 3000 39 65
M34 2.2 4 1938 4000 17 48
M35 1.3 8 2755 3000 92 1
M36 1.3 2 2663 2700 30 56
M37 2.5 8 1789 2700 12 4
M38 1.3 4 759 3500 44 66
M39 2.2 4 1748 3000 58 99
M40 2.5 8 2690 4000 56 22
M41 1.5 8 898 3500 82 47
M42 2.5 2 3681 3000 62 26
M43 1.3 8 2790 4000 16 84
M44 1.3 8 1582 3000 26 18
M45 2.5 8 2628 3500 69 94
M46 2.5 2 619 3000 52 40
M47 1.3 2 2760 2700 69 31
M48 2.5 8 1673 2700 29 26
M49 1.7 4 1647 3000 48 43
M50 1.3 8 1753 4000 29 91

Table 28: Decision Matrix for Additional Alternatives Part 2
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