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Choosing a cloud service has become a very important multi-criteria decision-making 

(MCDM) problem because there are more and more providers that offer different quality-

of-service (QoS) features. Conventional MCDM methodologies, including the Analytic 

Hierarchy Process (AHP) and the Best–Worst Method (BWM), frequently encounter 

challenges related to inconsistency, subjectivity, and scalability, particularly when 

addressing numerous criteria and alternatives. This study introduces an innovative hybrid 

framework that combines Principal Component Analysis (PCA) with the Best-Only Method 

(BOM) to achieve efficient and consistent ranking of cloud service providers (CSPs). PCA 

is used to get rid of duplicate and correlated QoS criteria, which makes dimensionality 

reduction more objective. BOM, on the other hand, uses the fewest pairwise comparisons 

possible to find relative criteria weights, which makes the process more efficient. The 

integrated PCA-BOM method is also linked to a ranking system that lets you compare 

different CSP options. The experimental results show that the proposed framework has a 

better rank conformance with the baseline BOM, a perfect consistency ratio (CR = 0.00), 

and a high Ranking Stability Index (RSI), which means it is strong in different decision-

making situations. It also needs up to 83% fewer comparisons than AHP and 48% fewer 

than BWM, which shows that it can be used in practice. The hybrid PCA-BOM framework 

is a structured, reliable, and computationally efficient way to rank cloud services based on 

more than one criterion.  
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I. INTRODUCTION 

Cloud computing has completely changed the way technology works in the 21st century [1]. What used to be a high-end luxury 

is now a basic need for businesses around the world. This change means moving away from traditional on-premise IT infrastructure and 

toward a model that is very flexible, always available, and needs very little management [2]. Using virtualized resources that are delivered 

over the internet, businesses can now meet their complicated computing and storage needs on a subscription or pay-per-use basis [3]. This 

takes care of the technical and administrative problems that come with having hardware on-site. Cloud computing is getting bigger and 

offers a lot of services that are tailored to each user. Most of the time, these services are divided into three main delivery models: Software 

as a Service (SaaS), Infrastructure as a Service (IaaS), and Platform as a Service (PaaS) [4]. All of these services have strict Service Level 

Agreements (SLAs) that they must follow. Cloud technologies have many benefits, such as the ability to quickly scale up, save money, 

and access on-demand [3]. But the huge growth in the number of cloud service providers (CSPs) has made it hard for people to pick one 

[5]. Microsoft, Amazon, Google, and IBM are just a few of the big IT companies that compete to offer services that do the same things 

but cost different amounts and are of different quality.  
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This makes it harder for cloud customers to find the provider that best meets their needs [6], [7]. Choosing the wrong provider 

can have serious effects, such as service failures that are catastrophic, breaches of data integrity, and not following new international 

storage standards [8]. This problem is made worse by the fact that many quality indicators are often contradictory or hard to measure, 

which makes the selection process a complicated Multi-Criteria Decision-Making (MCDM) problem [9], where the final outcome depends 

critically on (i) the criteria set, (ii) how weights are derived, and (iii) how alternatives are ranked under uncertainty and varying user 

preferences [10], [11]. Many MCDM algorithms have been developed for cloud service selection problem [12-18]. However, these 

algorithms have their pros, cons and applicability. An important limitation that persists across many MCDM-based CSP ranking models 

is the implicit assumption that QoS criteria are independent. In real cloud datasets, QoS attributes often exhibit redundancy and correlation 

(e.g., throughput–response time, availability–reliability, or cost–performance tradeoffs) [19], [20]. If correlated criteria are used directly 

in MCDM, the decision matrix may over-emphasize duplicated information and distort weights and rankings. To overcome these 

constraints, recent academic initiatives have concentrated on the creation of hybrid Multi-Criteria Decision-Making (MCDM) frameworks 

that amalgamate various mathematical methodologies—including the Analytic Hierarchy Process (AHP), Analytic Network Process 

(ANP), Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS), and the Best-Worst Method (BWM)—to deliver 

more consistent, efficient, and dependable ranking solutions [8], [10], [11], [21], [22]. 

The Analytic Hierarchy Process (AHP) comparison complexity (n(n-1)/2) [23] and the Best Worst Method (BWM) comparison 

complexity (2n-3) [24] are two traditional MCDM methods that are often used to find the weights of QoS criteria in cloud service ranking. 

But these methods often have problems with scalability and subjective inconsistency because they require so many pairwise comparisons. 

Also, if there is a strong correlation between QoS criteria, it can cause redundancy and bias in the ranking result. The Best-Only Method 

(BOM) has also become a very effective way to weight things. This is because it only needs best-to-others comparisons complexity (n-

1), which cuts down on the number of comparisons by a lot while still getting perfect or almost perfect consistency in the weights [25]. 

In the work [26], the author investigates the relationships among various QoS attributes; however, the methodology for analyzing these 

correlations is not detailed. The study [27] delineates a correlation model predicated on business services; however, it exclusively 

concentrates on modeling components and fails to implement the model in the service selection process. The research [15] examines a 

PCA-based methodology for the selection of web services. 

This article employs the PCA methodology to alleviate the interconnection among QoS attributes; however, the author overlooks 

the importance of QoS attribute weight information, which is essential in the service selection process. [14] Looks at a way to use weighted 

PCA to choose multimedia services. This study lacks flexibility in weight assignment for QoS attributes, particularly in the accurate and 

efficient distribution of pertinent QoS weight data. This study introduces a hybrid PCA-BOM decision framework designed to tackle 

these challenges. It combines Principal Component Analysis (PCA) for eliminating correlations with the Best-Only Method (BOM) to 

derive robust criteria weights from minimal pairwise inputs. The proposed method emphasizes consistency, efficiency, and scalability in 

cloud service ranking. Empirical results show that our framework not only outperforms traditional AHP and BWM in reducing comparison 

overheads but also achieves perfect consistency ratio (CR = 0.00) and maintains high Ranking Stability Index (RSI), making it suitable 

for real-world cloud environments. The rest of the paper is arranged as follows. A review of related work was given in Section II. The 

proposed PCA-BOM method is given in Section III. In Section IV, an experimental study is presented. Section V is about discussion of 

results. Finally, Section VI concludes our study and discusses its limitations and future work. 

II. RELATED WORK 

Over the past decade, the problem of cloud service selection has attracted considerable attention from the research community. 

In past years many academics have concentrated on more and more hybrid approaches employing current MCDM techniques to overcome 

the limits of individual MCDM methods and to make customers more pleased and try to acquire more precise decision-making. According 

to [28] introduce SMICloud, a system for comparing cloud services offered by multiple providers with varying prices and quality of 

service. The system employs the Service Measurement Index (SMI) to identify essential quality-of-service (QoS) attributes, this research 

serves as a foundational approach for utilizing SMI and AHP in ranking cloud services based on QoS. In turn [10] suggest a QoS-aware 

selection model that shows QoS in a three-level hierarchy, information from the provider, third-party monitoring tools, and user reviews. 

This way, both new and experienced users can set different levels of requirements. Model uses MCDM methods (AHP for weighting and 

SAW for scoring) to rank providers. It also runs the whole process as a simulation tool on a cloud platform. Testing with real-world CSP 

data shows that multi-level QoS modeling can change rankings compared to single-level selection. This makes decision-making more 

realistic. By [29] suggest a combined MCDM framework (AHP + TOPSIS) to choose the best cloud service when many providers offer 

similar features but have different levels of quality of service (QoS). A real-world cloud case study (Cloud Harmony data) shows that the 

method works, and sensitivity analysis is used to check how well the ranking holds up.  

Overall, this work is a good starting point for a hybrid method for QoS-driven CSP ranking that uses both classic AHP-weighting 

and TOPSIS-ranking. In turn [30] examine cloud service selection as a multi-attribute decision problem characterized by variations in 

Quality of Service (QoS) and pricing. They use AHP and ANP to find the weights for the criteria and compare TOPSIS and Fuzzy TOPSIS 

for ranking cloud options. Results show that both TOPSIS and Fuzzy TOPSIS can reliably find the best service based on the given 

preference structure. However, fuzzy TOPSIS is better when QoS values are unclear or uncertain. The work offers a valuable foundation 

for traditional AHP/ANP weighting combined with distance-based ranking in the selection of CSPs. According to [8] propose a hybrid 

approach (H-MCDM) that combines ANP and VIKOR: ANP (with a BOCR structure) computes local rankings of CSPs within 

benefit/opportunity/cost/risk subnets, and VIKOR produces the global compromise ranking. The method considers both beneficial and 

non-beneficial criteria. Results and sensitivity analysis indicate the hybrid approach provides stable rankings and improves decision 

reliability compared to using ANP or VIKOR alone. By [31] propose a pragmatic, cohesive MCDM framework for cloud service selection 

characterized by frequently linguistic and ambiguous QoS evaluations.  
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They use a cloud model to turn qualitative language ratings into quantitative forms that show both fuzziness and randomness. 

To make things less subjective, they figure out dynamic expert weights by looking at how similar each expert's cloud evaluation is to the 

group's mean cloud model. For ranking, they enhance TOPSIS with Grey Relational Analysis (GRA) and formulate a multi-objective 

optimization model to estimate criteria weights objectively. The approach is validated on a real cloud adoption case (a mining company 

platform) and shows robust rankings via comparative and sensitivity analysis. According to [32] propose FBM, a cloud-broker–centric 

framework for service ranking and selection in federated clouds where services are heterogeneous and user feedback is often linguistic 

(vague). The broker maintains a repository combining service characteristics and user feedback, and converts linguistic QoS inputs into 

numeric values using fuzzy logic (triangular fuzzy numbers) and defuzzification. To compute QoS importance while considering 

dependencies and sub-attributes, the method integrates fuzzy ANP for weighting and fuzzy TOPSIS for ranking services. The approach 

is validated via a numerical example and CloudSim-based simulations (250–1000 services), reporting improvements on MAE/RMSE and 

utilization compared to baseline TOPSIS/fuzzy-AHP. In turn [33] propose MRM-C, a cloud service selection framework that prioritizes 

reliability by combining multiple reliability criteria with a Markov chain model to capture dynamic service behavior over time. The 

method first forms an overall evaluation matrix using weighted reliability criteria and then builds a transition probability matrix to estimate 

steady-state reliability for each service. Finally, a utility-based scoring system is used to rank services more accurately when there is 

uncertainty. A lot of testing with multi-level sensitivity analysis and comparisons to baseline methods shows that selection accuracy can 

improve by up to 17% and failure rates can drop by up to 12%. This means that service provisioning is more stable and reliable. 

For cloud service provider (CSP) selection, [22] suggest a hybrid MCDM approach that simultaneously models objective QoS 

evidence and subjective customer preferences. The framework calculates subjective criteria weights using AHP (to capture user priorities 

with consistency checking) and objective criteria weights using the Entropy method (to reduce bias and handle quantitative QoS 

variations). These weights are then combined and fed into TOPSIS to rank CSP alternatives based on closeness to ideal/anti-ideal 

solutions. The study validates the approach using real QoS data (e.g., CloudHarmony/QWS-type datasets [34-36]) and shows that the 

combined weighting yields more balanced rankings than using only objective or only subjective weights. Sensitivity and rank-correlation 

analysis further demonstrate that the best-ranked services remain stable under weight perturbations, supporting robustness for practical 

CSP selection. By [37] address cloud service provider (CSP) selection as a multi-criteria problem under uncertainty by using pentagonal 

intuitionistic fuzzy numbers (PIFN) with a hybrid AHP–TOPSIS decision pipeline. The method first computes fuzzy weights of criteria 

via AHP-based comparison matrices from decision-makers, and then applies fuzzy TOPSIS to obtain the final CSP ranking. The study 

further performs sensitivity and comparative analyses to examine how rankings change and to identify the most sensitive criteria, 

supporting robustness and future refinement. Overall, the paper shows that modelling linguistic/uncertain judgments with intuitionistic 

fuzzy representations can make CSP ranking more realistic than crisp scoring. In turn [38] present an integrated trapezoidal fuzzy BWM–

VIKOR framework to handle MCDM decisions under linguistic uncertainty.  

BWM is used to derive criteria weights with fewer comparisons than AHP, while VIKOR produces a compromise ranking by 

balancing group utility and individual regret. The method is validated through a real case study selecting an SWTP location using multiple 

criteria/sub-criteria and five alternatives, and the authors report robustness via comparative and sensitivity analyses. Methodologically, 

this work is relevant to cloud service ranking because it demonstrates how hybrid BWM–VIKOR improves weighting efficiency and 

ranking stability in uncertain decision environments. In turn [39] propose a dynamic cloud service selection framework that explicitly 

integrates user feedback into MCDM-based CSP ranking. AHP is used to determine the criteria weights, TOPSIS is used to generate an 

initial ranking, and a Markov chain that incorporates both recent and past feedback to capture changing user experience is used to refine 

the ranking. Instead of depending on static QoS snapshots, the method updates rankings over time by modeling feedback transitions 

(high/medium/low) and using steady-state probabilities. Sensitivity/rank-conformance analysis and a real-data case study 

(CloudHarmony) demonstrate that the optimal choice is consistent across scenarios and that the framework mitigates rank-reversal effects, 

making it applicable to dynamic cloud markets. CCS-OSSR, a cloud service selection and ranking framework proposed by [5], views 

CSP selection as an MCDM problem motivated by competing QoS criteria. The framework employs a hybrid BWM–TOPSIS pipeline, 

in which TOPSIS ranks cloud service options according to proximity to ideal/anti-ideal solutions and BWM determines QoS weights with 

fewer and more consistent pairwise comparisons than AHP. Using a real QoS dataset (QWS [34-36]), the authors validate the method 

and demonstrate ranking agreement with AHP/AHP-TOPSIS while enhancing consistency and lowering computational load. Robustness 

is supported by sensitivity analysis, which shows that the top-ranked option is stable under weight changes. 

While noting future extensions for managing interrelated criteria and changing user requirements, the study concludes that CCS-

OSSR provides a useful, consistent decision aid. 

By combining TOPSIS for final ranking with BWM (Best–Worst Method) for dependable criterion weighting, Youssef [11] suggests an 

integrated MCDM framework for cloud service provider (CSP) selection. The key motivation is that many QoS criteria (e.g., security, 

usability) are difficult to score directly, and classic pairwise methods like AHP become computationally heavy and inconsistent as criteria 

increase. In the proposed approach, BWM reduces the number of comparisons (only best-to-others and others-to-worst), improving 

consistency, while TOPSIS computes closeness to the ideal and anti-ideal CSP. A use-case with multiple CSPs and criteria demonstrates 

effective ranking, and comparisons show the method outperforms AHP in efficiency and consistency. This work supports using 

lightweight hybrid MCDM pipelines for practical cloud selection under qualitative and quantitative QoS requirements.According to [40] 

propose OPTCLOUD, a QoS-driven cloud service selection framework that explicitly treats cloud ranking as an MCDM problem where 

many QoS attributes are interrelated (correlated). The paper argues that conventional weighted-sum scoring can produce inaccurate results 

when QoS criteria are correlated, so it first applies PCA to reduce dimensionality and remove multicollinearity among QoS indicators. 

User preference is then incorporated through the Best–Worst Method (BWM) to compute consistent criterion weights with fewer 

comparisons than AHP. The integrated PCA–BWM scheme yields a final comprehensive score used to rank candidate CSPs and is 

validated using QoS datasets with sensitivity and comparative analysis, showing improved robustness and practicality for real cloud 

selection scenarios.  In turn [41] suggest a mixed MCDM framework for ranking cloud service providers. They do this by first using the 

Best-Worst Method (BWM) to guess the weights of the criteria and then using TOPSIS, ARAS, and COPRAS to rank them.  
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The paper confirms the method by using it in several use-case scenarios with different numbers of criteria and CSP options. It 

shows that BWM-ARAS and BWM-COPRAS give almost the same rankings, while BWM-TOPSIS gives slightly different rankings 

when the criteria/CSP set changes. A significant discovery is that BWM requires substantially fewer pairwise comparisons than AHP, 

enhancing efficiency while ensuring dependable prioritization. The study finds that criteria weights are the main factor that determines 

ranking. It also suggests that BWM should be improved by adding more MCDM techniques in the future. By [42] put forward a QoS-

focused MADM (QMADM) approach for choosing a cloud service when the decision matrix is not complete (for example, when some 

CSP–QoS values are missing). They use three imputation methods (min, max, and mean) to fill in missing QoS entries, and they combine 

this method with seven MADM algorithms to rank CSPs. They use the QWS benchmark dataset [34-36] to compare rankings with and 

without QMADM. They find that 6 out of 7 algorithms work the same way, regardless of which imputation method is used. The study 

conducts sensitivity analysis to validate the robustness of rankings and emphasizes that neglecting absent QoS values diminishes the 

practical relevance of cloud ranking models. Mostafa [25] suggests the Best-Only Method (BOM) as a novel MCDM strategy for selecting 

a cloud service provider (CSP), aimed at minimizing decision-maker effort and enhancing reliability. BOM only needs the best-to-others 

comparisons to figure out the weights for criteria (and CSP), which makes the process easier and more consistent than AHP and BWM.  

The study demonstrates that utilizing a SMI-based use case, BOM necessitates significantly fewer comparisons while attaining 

CR = 0% and TD = 0, signifying flawless consistency and precise weight ratios. The paper concludes that BOM is more efficient and 

reliable for QoS-driven CSP ranking, although results for qualitative criteria still rely on expert evaluations. According to [43] 

conceptualize cloud provider selection as a multi-criteria decision-making (MCDM) challenge influenced by varying QoS requirements. 

They suggest a hybrid framework that uses the Best-Only Method (BOM) to weight criteria more efficiently (with fewer comparisons) 

and RE-TOPSIS (a modified version of TOPSIS) to fix the problem of rank reversal. The framework employs a cloud-broker 

configuration and assesses CSPs via a case study incorporating various QoS criteria. Their comparative analysis with AHP, BOM, BOM-

TOPSIS, and BWM-TOPSIS demonstrates enhanced efficiency, elevated consistency, and resilient ranking behavior. Mostafa [21] 

suggests a hybrid MCDM framework for ranking cloud services by combining Markov chains with the Best-Only Method (BOM). The 

Markov chain module tracks changes in user requirement priorities over time and derives the final priority vector, addressing the dynamic 

nature of QoS preferences. BOM then computes QoS criteria weights using fewer pairwise comparisons and guarantees full consistency. 

Finally, cloud services are ranked using normalized QoS benchmark data, and the method is validated on a Cloud Harmony dataset with 

performance, rank conformance, and sensitivity analyses, showing robustness to rank reversal.  

III. PROPOSED METHODS 

In this paper we proposed Hybrid MCDM approach for cloud computing service selection. The proposed approach can be utilized 

as the core of a cloud broker system to obtain user requirements and provide a ranked list of viable cloud services, reducing the complexity 

of service selection for cloud users. The steps of the proposed method are summarized in the flowchart shown in Fig. 1 and are as follows: 

Step 1 (Determine the Selected Set of Criteria): Suppose the selected set of criteria is C = {C1, C2, C3,……, Cn}, where n is the 

number of Quality of Service criteria. 

Step 2 (Determine the Selected Set of CSPs): Suppose the selected set of CSPs is CSP = {CSP 1, CSP 2, CSP 3,…, CSP m}, where 

m is the number of Cloud Service Providers. 

Input – Decision Matrix (QoS Parameter Values) : We construct a decision matrix DM of m ∗ n, where n is the number of QoS 

criteria for selecting the optimal cloud service provider, and m is the number of eligible cloud service alternatives denoted by (CSPi) that 

satisfy the functional and non-functional requirements of t]he cloud customer.  

 
Figure 1: A Flowchart summarizing the steps of the proposed approach. 

Source: Authors, (2026). 
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Step 3 (Normalization of Decision Matrix): Various measuring units and ranges are used to estimate the values of QoS criteria 

due to their vast diversity. Comparatively speaking, this could result in inconsistent results. Therefore, in order to achieve a consistent 

comparison, each QoS criterion value of the matrix DM is normalized using Standard deviation method in this step. 

For j = 1 to n 

Calculate   DMj̅̅ ̅̅ ̅ = 
∑ DMijm

i=1

m
 and σj = √

∑ (DMm
i=1 ij −DMj̅̅ ̅̅ ̅̅ )2

n−1
 

For i=1 to m do 

For j=1 to n do   

Nij =
DMij − DMj̅̅ ̅̅ ̅̅

σj
 

Step 4 (Calculate the correlation coefficient matrix): Correlation measures both the strength and direction of the linear 

relationship between two variables, indicating how much they change in relation to each other. To identify these correlations, we compute 

the correlation matrix R= (rij) n*n of Decision matrix N using Pearson correlation coefficient, Where rij  reflects the correlations coefficient 

between nxi and nxj for QoS criteria. 

For i=1 to n do 

For j=1 to n do   

R = (rij) n x n = 
∑ (nxkj−nxi)(nxkj−nxj)n

k=1

√∑ (nxkj−nxi)
2n

k=1 ∑ (nxkj−nxj)
2n

k=1

 

Step 5 (Calculate the Eigenvalues of the correlation coefficient matrix & sort them in descending order): Eigen values show the 

data magnitude.  By using the characteristic equation |λI − R|, we calculated the p eigenvalues (λ) of the correlation matrix R and sort 

them as λ1 ≥ λ2 ≥ …≥λp ≥ 0. 

Step 6 (Calculate the Eigenvectors corresponding to the Eigenvalues): Eigen vectors shows data direction. We calculated the 

eigenvector Xi corresponding to the eigenvalues λi, i=1,2,…, p. 

Step 7 (Compute the contribution ratio and cumulative contribution ratio): Contribution ratio is the term that gives us an idea of 

the amount of total variance that has been retained by selecting the principal components instead of the original feature space. 

Tk = 
λk

∑ λi
p
i=1

  k = 1,2…. to p                              CCRm = ∑ Tkm
k=1          m = 1,2…. to p 

Step 8 (Select the first (s) Eigenvectors also called PC loadings X1,X2,……,Xs  (s<=p) whose Cumulative Contribution ratio is 

higher than 85%): Here we can either consider the number of Eigenvectors also called PC loadings of any value of our choice (s) or limit 

the contribution ratio. 

Step 9 (Choose the Best Criterion): Assume that CB, where CB ∈ C, is best criterion. 

Step 10 (Obtain the Pairwise Comparison Values between the Best and Other Criteria 

(AB) = (AB1, AB2, ……….., ABn) using a Saaty’s scale of 1–9.) 

Step 11 (Compute the Optimal Weights of the Criteria by solving the system of linear equations): Suppose that W is a vector of 

n elements that represents the optimal weights of the criteria. The following problem should be solved to obtain the optimal weight values:              

WB

Wi
    =  ABi      for  ABi ∈ AB 

∑ Wi

n

i=1

= 1 

Step 12 (Choose the First Criterion and Choose the Best CSPs according to this criterion) 

Step 13 (Obtain the Pairwise Comparison Values of the Best CSPs to other CSPs   (CSP_AB) = (CSP_AB1, CSP_AB2, ……….., 

CSP_ABn) using a Saaty’s scale of 1–9.) 

Step 14 (Compute the optimal weights of the CSPs according to selected criteria by solving the system of linear equations): 

CSPB

Wi
 =  CSP_ABi      for  CSP_ABi ∈ CSP_AB 

∑ Wi

m

i=1

= 1 

Step 15 (Repeat step 12 to 14 for all remaining criteria and obtain the weights of CSPs): Here we get the weight matrix CSP_W, 

where each row of the matrix represents the optimal weights of the CSPs with respect to the criterion corresponding to that row. 

Step 16 (Integrate Criteria weights W with weight matrix CSP_W): Here we get new weighted matrix (CSP_W*) where Criteria 

weight is multiplied with the optimal weights of the CSPs with respect to the criterion corresponding to that row. 
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Step 17 (Obtain final Principal components PC = (PC1, PC2,…, PCs) by multiplying weighted matrix CSP_W* with selected 

(s)  eigenvectors obtain in step 8. 

Step 18 (Calculate the Final Utility Value using following Equation to rank the CSP): 

F_utility j =    ∑
λk

∑ λi
p
i=1

s

k=1
∗ PCkj 

For j = 1 to m where m is no of CSP. 

IV. RESULTS AND DISCUSSIONS 

In this section, we evaluate the appropriateness of our proposed approach from different perspectives: Rank conformance 

analysis, efficiency (number of pairwise comparisons), Spearman's Rank Correlation Coefficient, Sensitivity analysis, Ranking Stability 

Index (RSI) and consistency ratio (CR). 

IV.1 RANK CONFORMANCE ANALYSIS 

We have analyze the performance of the proposed methodology by comparing with Traditional BOM [25]. The Proposed PCA–

BOM framework maintains consistency with traditional BOM for top-ranked CSPs (CSP 4 ranks 1st, CSP 1 ranks 2nd and CSP 11 ranks 

3rd in both PCA–BOM and BOM) but provides a more differentiated and statistically grounded ranking for mid- and lower-ranked 

providers. PCA–BOM places remaining CSPs (except CSP2 and 3) higher than BOM, possibly due to their stronger performance in the 

principal components retained after dimensionality reduction. PCA-BWM method demonstrates slightly more dispersion in rankings 

suggesting BWM’s higher sensitivity to expert subjectivity. Overall, the Proposed PCA-BOM approach maintains superior rank 

conformance for critical providers (e.g., CSP1, CSP4, CSP11), reduces inconsistency seen in BOM and PCA-BWM rankings, and shows 

greater generalization by minimizing criteria redundancy. 

 
Figure 2: Ranking of cloud service providers with different methods. 

Source: Authors, (2026). 

IV.2 COMPARATIVE ANALYSIS – EFFICIENCY 

To evaluate the efficiency gains of the proposed approach, we compared the computational effort required by the PCA_BOM 

method with that of traditional MCDM methods, such as BWM [24] and AHP [23]. The suggested approach demonstrates the highest 

reduction in computational effort compared to AHP (≈83% fewer comparisons) and BWM (≈48% fewer comparisons). This supports the 

claim that proposed approach is efficient, scalable and useful because it is light and still makes good decisions. Especially when there are 

a lot of options (CSPs) and criteria to choose from. 

CSP 1 CSP 2 CSP 3 CSP 4 CSP 5 CSP 6 CSP 7 CSP 8 CSP 9 CSP 10 CSP 11 CSP 12

Proposed PCA_BOM 2 11 12 1 5 10 8 9 7 4 3 6

BOM 2 4 5 1 6 7 12 11 10 9 3 8

PCA_BWM 2 12 10 4 11 8 5 9 7 3 1 6
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Figure 3: Pairwise Comparisons in weighting method.  

Source: Authors, (2026). 

IV.3 SPEARMAN'S RANK CORRELATION COEFFICIENT 

The Spearman Rank Correlation Coefficient (RCC) matrix quantifies the degree of similarity between the proposed ranking 

method PCA_BOM and other benchmark methods such as BOM [25] and PCA_BWM [39]. Proposed variant aligns well strong 

agreement with other PCA-integrated approaches. This suggests good consistency and generalization across PCA-based decision 

strategies. It shows a relatively low (weak agreement) compared to traditional BOM. This suggests that PCA integration changes the way 

priorities are set, which may be more in line with the underlying data variance than with expert-driven judgments alone.  The standalone 

BOM approach shows weak alignment, which means that BOM is more subjective or expert-driven in its structure. On the other hand, 

PCA-enhanced versions are data-driven and show strong consistency. 

 
Figure 4: Spearman’s Rank Correlation Coefficient. 

Source: Authors, (2026). 

IV.4 SENSITIVITY ANALYSIS 

The figure shows a thorough sensitivity analysis that tests how well the computed rankings of Cloud Service Providers (CSPs) 

hold up when the weights of the decision criteria change. In this experiment, the initial set of weights underwent a sequence of pairwise 

exchanges among various criteria (e.g., C1 ↔ C2, C2 ↔ C3, etc.), emulating potential alterations in expert preference or stakeholder 

assessment. CSP 4 and CSP 1 consistently hold the top two spots (Rank 1 and 2) in all perturbation cases. This shows that they are very 

stable and strong when decision contexts change.  The results show that the top-ranked CSPs are very stable, with only small or no 

changes in rank in most cases. This shows that the core decision outcomes stay the same even when the importance of the criteria changes 

a lot. Mid- and lower-ranked CSPs, on the other hand, show moderate changes in their ranks. This analysis gives real-world evidence that 

the MCDM model is reliable. It shows that even though small changes in preferences are to be expected, the main prioritization stays 

mostly the same for the best options. 
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Figure 5: Sensitivity Analysis. 

Source: Authors, (2026). 

IV.5 RANKING STABILITY INDEX (RSI) 

The Ranking Stability Index (RSI) measures how consistently each alternative (CSP) keeps its rank when the weight changes. It 

shows how much the rankings change when the input weights change. The average Ranking Stability Index (RSI) for the 12 CSPs in 11 

weight-change scenarios is 0.9251. This shows that the ranking system is very strong and reliable, even when the input weights change a 

little bit. 

 
Figure 6: Ranking Stability Index (RSI). 

Source: Authors, (2026). 

IV.6 CONSISTENCY RATIO (CR) 

If the Consistency Ratio (CR) is less than 0.1, it means that the judgments are consistent enough. In this proposed approach, CR 

= 0.0, which means that all of the pairwise comparisons are perfectly consistent. This is perfect and shows that the input values follow 

transitive preferences, which is what you would expect in the Analytic Hierarchy Process (AHP). So, the weights that come out are 

reliable and strong enough to use for more decision-making or sensitivity analysis. 

V. CONCLUSIONS 

This study introduced an innovative hybrid decision-making framework that combines PCA with the BOM for efficient, reliable, 

and scalable CSP selection. The proposed PCA-BOM Variant underwent a systematic evaluation across various dimensions, including 

rank conformity, computational efficiency, correlation consistency, sensitivity to perturbations, and ranking stability. The results show 

that PCA-BOM Variant has a better rank conformance with baseline BOM, shows a lot of consistency and strong generalization, needed 

up to 83% fewer pairwise comparisons than AHP and 48% fewer than BWM, kept a high Ranking Stability Index (RSI), showing that  it 

is reliable when decision contexts change, and got a Consistency Ratio (CR) of 0.00, which means that the pairwise comparisons were 

perfectly coherent. PCA-BOM Variant is a scalable, reliable, and cognitively efficient way to choose a cloud service that is better than 

traditional MCDM methods. 
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