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Abstract 

Most Information Technology (IT) organizations periodically review their products and services to aid systematic decision-making. 

Such decisions must balance budgetary and non-budgetary constraints to allocate resources effectively in the short and long term. 

While new IT products offer limited quantitative data, ongoing offerings yield substantial performance related information, which 
is used in this study to develop a framework for assessing existing Open-Source Software (OSS) products. As such data is dynamic 
and uncertain, we employ Interval-Valued Intuitionistic Fuzzy Parameterized Interval-Valued Intuitionistic Fuzzy Soft Sets 
(IVIFP-IVIFSS or d-sets) to model dual uncertainty and propose a maintenance-oriented decision-support framework. The study 

assesses OSS products under two complementary decision-making contexts: (i) unified long-term product ranking using d-sets and 
(ii) temporal short-term consensus ranking using d-sets and Borda aggregation. While the former context captures persistent 
maintenance-performance signals, the latter reveals localized operational dynamics relevant for interim decision-making. The study 
illustrates the effectiveness of the proposed ranking methodology through a case study using data from 16 OSS products in the  

Bugzilla repository, evaluated using four parameters. The framework is methodologically complex, but the resulting rankings are 

intuitive and actionable. In addition, a perturbation analysis was conducted with the Interval-Valued Intuitionistic Fuzzy Parameters 
(IVIFP) varied by ±5%, ±10% and ±15% to assess the robustness of the resulting d-set rankings. The results show that the proposed 
framework produces stable and interpretable rankings under dynamic and uncertain conditions. These findings indicate that d-sets 

are useful for uncertainty-aware performance evaluation and portfolio-level decision-making for IT products and services. 
 
Keywords- Interval-valued intuitionistic fuzzy parameterized interval-valued intuitionistic fuzzy soft sets, d-sets, Open-source 
software, Performance evaluation, IT product ranking, Multi-criteria decision-making. 

 
 
 

1. Introduction 
Performance-based value assignment is widely applied across domains such as education (student 

assessment and instructional effectiveness), economics (value creation and productivity measurement), 

management (organizational, project, product and team evaluation), healthcare (treatment effectiveness), 

finance (investment valuation and risk assessment), public-sector governance (institutional and facility 

evaluation) and IT (software project evaluation and portfolio selection) (Amer et al., 2022; Carvalhosa & 

Lucas, 2026; Cosa & Torelli, 2024; de Araújo et al., 2024; Do et al., 2025; Klassen et al., 2010; Moran et 

al., 2019; Sahlin & Angelis, 2019; Saxena et al., 2022; Schleicher et al., 2018; Spitzer et al., 2023). Across 

these areas, decision-makers use performance parameters derived from historical data to guide future 

actions and resource allocation. Accordingly, a substantial body of the literature has examined the 

evaluation and improvement of performance management systems across sectors (de Melo Santos et al., 

2025). Uncertainty in performance evaluation has been addressed using fuzzy-logic-based and data-driven 

approaches (Cakir & Adiguzel, 2020; Moran et al., 2019). Model-based fuzzy approaches offer flexibility 

https://www.ijmems.in/
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for handling vague and imprecise information. In contrast, model-free approaches use historical or observed 

data for predictive modeling using artificial intelligence and genetic algorithms. These methodological 

paradigms have been employed in a broad spectrum of real-world problems such as task credit assignment 

(Shahar et al., 2019), programming feedback based on dynamic analysis (Gulwani et al., 2014), 

international assignment decision-making (Renshaw et al., 2021), student performance assessment in online 

learning environments using logistic mixed models (Spitzer et al., 2023), patient-physician assignment and 

outcome evaluation (Love et al., 2024), incentive design through field experiments (Delfgaauw et al., 2017), 

organizational credit and blame attribution using factorial designs (Crant & Bateman, 1993), and project 

and managerial performance evaluation using data envelopment analysis (Xu & Yeh, 2014). 

 

 
 

Figure 1. Software Development Life Cycle (SDLC). 
 

 

In the domain of IT, the Software Development Life Cycle (SDLC), as shown in Figure 1, comprises 

planning, requirements analysis, architecture design, implementation, testing, deployment and an extended 

maintenance period. The early phases typically last weeks or months, but maintenance may continue for 

years, including ongoing corrective and adaptive interventions. Thus, performance evaluation becomes 

particularly important during the software maintenance phase. In this phase, users report deviations from 

expected behavior or suggest enhancements. These are commonly known as software bugs and are logged 

systematically and managed via bug-tracking platforms such as Atlassian (2026), Bugzilla (2026). 

 

Bugs move through a defined life cycle as illustrated in Figure 2, including submission (unconfirmed state), 

validation (new state), assignment, resolution, verification (closure) and potential reopening. Bug-report 

data generated during maintenance provides a rich basis for assessing software performance. Maintenance-

driven evaluation considers both demand-side pressures (incoming bugs) and supply-side effectiveness 

(bug resolution), offering a more balanced and complete view of product health. However, bug life cycle 

data are uncertain due to (i) inconsistent reporting practices, (ii) variability of user behavior, (iii) incomplete 

or delayed updates and (iv) differences in developer response patterns over time. Ranking software products 

based on bug life cycle indicators helps decision-makers make informed decisions on software selection, 

adoption and resource allocation in OSS ecosystems. Furthermore, maintenance-based rankings bring out 

time-sensitive insights that enable decision-makers to track performance trends and identify early warning 

signs of declining quality in such environments. 
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Figure 2. Typical bug life cycle. 
 

 

Existing studies on OSS have primarily focused on developer productivity, defect prediction, bug triaging, 

or software evolution. The literature on IT product evaluation does not adequately address the comparative 

ranking of products or services based on maintenance-centric assessment under temporal uncertainty 

affecting both parameters and alternatives. To address these limitations, the present study investigates OSS 

maintenance evaluation from a product-level decision-making perspective under dynamic and uncertain 

maintenance conditions. The study seeks to address the following research questions (RQs): 

 

RQ1: Which maintenance-centric parameters derived from bug life cycle data are most relevant for 

evaluating OSS product performance under uncertainty? 

 

RQ2: How can simultaneous uncertainty in performance indicators and OSS products be modeled to derive 

robust comparative rankings? 

 

RQ3: Can the proposed fuzzy decision-making framework support both long-term maintenance evaluation 

and short-term temporal performance analysis? 

 

To address these research questions, this study identifies maintenance-oriented indicators from bug life 

cycle information, applies a fuzzy multi-criteria framework to investigate product ranking under dual 

uncertainty, and extends the proposed fuzzy framework across two complementary decision contexts: 

unified long-term evaluation and temporal short-term consensus analysis. It will be worth mentioning that 

the framework supports modeling uncertainty in both the parameters (performance indicators or criteria) 

and the alternatives (the products under study). To ensure empirical relevance and capture maintenance 

dynamics, the framework is applied to real bug-report data from 16 OSS products maintained using 

Bugzilla. This evaluation method addresses the limitations related to interpretability, utility and fairness 

reported in prior performance management studies (de Araújo et al., 2024). Specifically, to assist in 

decision-making under uncertainty, we employ Interval-Valued Intuitionistic Fuzzy Parameterized 

Interval-Valued Intuitionistic Fuzzy Soft Sets (IVIFP-IVIFSS), also referred to as d-sets (Aydın & 

Enginoğlu, 2021) to aggregate heterogeneous maintenance indicators and obtain comparative rankings. 

 

The remainder of the paper is organized as follows. Section 2 presents the background and related work. 

The section presents a chronological development of fuzzy decision-making techniques. The section also 

presents the d-set methodology and its utility over other multi-criteria decision-making techniques for 

handling the dual uncertainty in the context of OSS products. Section 3 presents the OSS maintenance 
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performance evaluation problem under uncertainty. Section 4 presents the technical details of the d-set 

methodology. These details are then summarized with the help of a flowchart. In Section 5, we present an 

empirical case study using OSS bug life cycle data. First, d-set-based unified product rankings are obtained, 

followed by temporal ranking analysis across multiple decision contexts, robustness analysis, results 

discussion, and a visual summary of the framework. The managerial implications of the study are discussed 

in Section 6. Section 7 presents the conclusions, outlines the study's limitations, and suggests future research 

directions. 

 

2. Background and Related Work 
Longitudinal studies of OSS indicate that historical trends in software metrics and quality attributes 

influence long-term system performance, indicating the importance of reliable indicators during the 

maintenance phase (Gradišnik et al., 2020). While version history primarily documents code evolution 

across releases, maintenance-related metrics more directly reflect the effort, resources and coordination  

involved in sustaining software systems and therefore offer a clearer proxy for team-level performance. 

Molnar & Motogna (2020) conducted a longitudinal analysis spanning eighteen years of software releases 

to assess long-term evolution patterns. In contrast, the present study uses recent , maintenance-oriented, 

latency-based bug life cycle information to evaluate software-level maintenance performance under 

evolving operational conditions, thereby reducing the uncertainty associated with long-term structural 

variability and historical evolution. Studies on OSS in literature have focused mainly on longitudinal 

software evolution, developer-level analytics, defect prediction, and project-specific maintenance analysis. 

However, the comparative ranking of OSS products based on maintenance-performance behavior remains 

largely unexplored. Furthermore, comparative evaluation under simultaneous uncertainty in both decision 

parameters and alternatives has received limited attention in fuzzy decision-making applications, mainly 

under temporal and longitudinal maintenance settings. These limitations form the motivation for the 

development of an uncertainty-aware decision framework that enables both long-term maintenance 

assessment and temporal performance analysis in OSS environments. The following subsections review the 

literature related to advancements in fuzzy decision-making techniques, d-set methodology and its 

applicability over other related Multi-Criteria Decision-Making (MCDM) methods. 

 

2.1 Fuzzy Decision-Making 
Classical approaches generally rely on crisp binary logic, which has limited ability to describe gradual 

transitions, partial truths, or the ambiguous information encountered in real-world decision problems. Fuzzy 

decision-making overcomes the limitations of traditional deterministic decision models by incorporating 

imprecision, uncertainty and subjective judgment. Fuzzy logic describes such phenomena using continuous 

membership functions, resulting in smoother transitions between states and a more realistic description of 

complex systems. This characteristic makes fuzzy decision-making appropriate for multi-criteria 

environments where inputs differ in reliability, scale, or completeness. By allowing uncertainty to be 

addressed in evaluation and aggregation processes, fuzzy approaches support more dependable 

optimization and ranking. Consequently, fuzzy decision-making frameworks are useful in practical 

decision-support applications in domains where exact quantification is infeasible, or data are incomplete or 

evolving. 

 

Fuzzy sets, introduced by Zadeh (1965), enabled reasoning under uncertainty through membership 

functions. Several extensions were later proposed to address specific decision-making requirements. Soft 

sets (Molodtsov, 1999) manage uncertainty arising from multiple parameters without requiring membership 

functions, while rough sets (Pawlak, 1982) use lower and upper approximations. Vague sets (Gau & 

Buehrer, 1993) and Intuitionistic Fuzzy Sets (IFS) (Atanassov, 1986) further extended uncertainty modeling 

by introducing degrees of non-membership and indeterminacy. 
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Hybrid extensions of fuzzy sets have been proposed to increase flexibility and to address complexity in 

practical decision-making problems. Interval-Valued Fuzzy Sets (IVFS) assign intervals to membership 

degrees, allowing a range of possible values rather than a single point estimate (Grattan-Guinness, 1976). 

The Interval-Valued Intuitionistic Fuzzy Set (IVIFS) further extends this concept through representation of 

the degrees of membership, non-membership and indeterminacy as intervals (Atanassov & Gargov, 1989). 

 

To address more complex forms of uncertainty, hybrid models combining fuzzy, intuitionistic, interval-

valued and soft-set representations were developed. The Interval-Valued Intuitionistic Fuzzy Soft Set 

(IVIFSS), introduced by Jiang et al. (2010) and the Interval-Valued Intuitionistic Fuzzy Parameterized Soft 

Set (IVIFPSS) (Deli & Karataş, 2016) are examples of such extensions. Recently, Enginoğlu & Memiş 

(2020) applied fuzzy MCDM techniques, including criteria-weighted fuzzy soft min-max methods, to 

image denoising, illustrating the versatility of these approaches. These methods have been applied across a 

wide range of decision-making domains, addressing varying levels of uncertainty and vagueness in real-

world scenarios. 

 

2.2 d-Sets and Dual-Intuition Decision Framework 
Dual-intuition-based methods enable modeling of uncertainty simultaneously in both parameters and 

alternatives. IVIFP-IVIFSS or d-sets, proposed by Aydın & Enginoğlu (2021), constitute one such model. 

In d-sets, both parameters and alternatives are represented using interval-valued-intuitionistic fuzzy 

information, making them suitable for soft decision-making problems involving vague and uncertain data. 

Randomness and ambiguity are two of the most common types of uncertainty. Since its proposal, fuzzy set 

theory has achieved profound success in dealing with uncertainty. Advanced intuitionistic fuzzy sets, such 

as d-sets, can capture real-world ambiguity more precisely and are more flexible and practical than 

traditional fuzzy set theory (Zhang et al., 2026). d-sets are the most comprehensive extension suited for 

modeling dual uncertainty through interval-valued degrees of membership, non-membership and 

indeterminacy (Memiş, 2023). However, the application of d-sets in IT remains limited, especially in the 

comparative evaluation and ranking of OSS products, where no prior study has employed this framework 

in the temporal and longitudinal maintenance settings considered in this study. 

 

OSS performance data exhibit characteristics that align well with the assumptions underlying the d-set 

methodology. In practice, these data are high-volume, noisy, time-dependent, incomplete and rarely exhibit 

deterministic or strictly sequential patterns. Moreover, historical maintenance observations do not always 

suggest reliable predictors of future behavior because of evolving system architectures, developer dynamics 

and usage contexts. By modeling uncertainty in both parameters and alternatives, d-sets accommodate 

evolving and incomplete information without imposing restrictive temporal assumptions. These 

characteristics make the d-sets particularly suitable for performance evaluation in environments 

characterized by uncertainty, complexity and multidimensionality. Although many studies have examined 

fuzzy decision-making and multi-criteria performance evaluation, the systematic use of maintenance-

centric indicators derived from bug life cycle data to evaluate and rank OSS systems remains limited. To 

the best of our knowledge, existing research has not integrated such indicators into a fuzzy decision-

making-driven performance assessment frameworks. While OSS has been examined in relation to 

developer productivity, bug prediction and automated bug assignments, the present work focuses 

exclusively on product-level performance evaluation. 

 

Table 1 presents a chronological overview of major fuzzy set generalizations and hybrid extensions, 

including d-sets. By enabling both parameters (bug-related attributes) and alternatives (OSS projects) to be 

modeled with greater fidelity, d-sets provide a flexible basis for performance-based value assignments 

during software maintenance. This unique capability is critical for OSS evaluation, where bug-related 
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metrics are often incomplete, time-dependent and noisy. Other fuzzy or hybrid soft-set models cannot 

adequately represent this multidimensional uncertainty. 

 
Table 1. Chronological overview of fuzzy decision-making methods and their extensions. 

 

Fuzzy method Category Key contribution Applications 

Zadeh Fuzzy Sets (ZFS) (Zadeh, 1965). Generalization Single membership function. Classification, control systems, AI. 

L-Fuzzy Sets (Goguen, 1967). Generalization Membership over lattices/posets. Algebraic fuzzy modelling. 

Fuzzy Linguistic Term Sets (FLTS) (Zadeh, 

1975). 
Generalization Linguistic membership terms. Human-centric decision making. 

Interval-Valued Fuzzy Sets (IVFS) (Grattan-

Guinness, 1976) 
Hybrid Interval-valued membership. 

Control systems, pattern 

recognition. 

Rough Sets (Pawlak, 1982). Generalization 
Lower and upper approximations 

without membership. 

Data mining, Decision-support  

System. 

Intuitionistic Fuzzy Sets (IFS) (Atanassov, 

1986). 
Generalization 

Membership and non-

membership. 
Decision-making, risk analysis. 

Interval-Valued Intuitionistic Fuzzy Sets 

(IVIFS) (Atanassov & Gargov, 1989). 
Hybrid 

Interval membership and non-

membership. 
MCDM, reliability analysis. 

Vague Sets (Gau & Buehrer, 1993). Generalization Interval truth and falsity. Evaluation systems. 

Soft Sets (SS) (Molodtsov, 1999). Generalization 
Parameter-based representation 

without membership. 
Decision-support system. 

Fuzzy Soft Sets (FSS) (Maji et al., 2002). Hybrid Fuzzy membership on parameters. Medical diagnosis. 

Fuzzy Parameterized Fuzzy Soft Sets (FPFSS) 

(Çağman et al., 2010). 
Hybrid Fuzzy parameters and fuzzy sets. MCDM. 

Interval-Valued Intuitionistic Fuzzy Soft Sets 

(IVIFSS) (Jiang et al., 2010). 
Hybrid 

Interval-valued intuition for 

alternatives. 
Decision evaluation. 

Probabilistic Soft Sets (Zhu & Wen, 2010). Hybrid Probability-based association. Decision analysis. 

Fuzzy Parameterized Interval-Valued Fuzzy 

Soft Sets (FPIVFSS) (Alkhazaleh et al., 2011a). 
Hybrid Dual Interval-valued fuzzy parameters. 

Uncertain decision-support 

systems. 

Fuzzy Parameterized Soft Sets (FPSS) 

(Çağman et al., 2011). 
Hybrid Fuzzy parameters. MCDM. 

Hesitant Fuzzy Sets (HFS) (Torra, 2010). Hybrid Multiple membership values. Group decision-making. 

Multi-Fuzzy Sets (MFS) (Sebastian & 

Ramakrishnan, 2011). 
Hybrid 

Sequence of membership 

functions. 
Advanced fuzzy modelling. 

Possibility Fuzzy Soft Sets (Alkhazaleh et al., 

2011b). 
Hybrid Possibility and fuzzy membership. Medical diagnosis. 

Soft Expert Sets (Alkhazaleh & Salleh, 2011). Hybrid Multiple experts. Expert-based decision-making. 

Soft Multiset Theory (Alkhazaleh et al., 

2011c). 
Hybrid Multiple subsets. Complex decision-support systems. 

Bipolar Fuzzy Parameterized Soft Sets 

(BFPSS) (Abdullah et al., 2014). 
Hybrid 

Positive and negative 

memberships. 
Medical diagnosis. 

Intuitionistic Fuzzy Parameterized Soft Sets 

(IFPSS) (Deli & Çağman, 2015). 
Hybrid Dual Intuitionistic fuzzy parameters. Decision-making. 

Multi-Interval-Valued Fuzzy Soft Sets 

(Alkhazaleh, 2015). 
Hybrid Multiple interval memberships. 

Uncertain decision-support 

systems. 

Interval-Valued Intuitionistic Fuzzy 

Parameterized Soft Sets (IVIFPSS) (Deli & 

Karataş, 2016). 

Hybrid Dual Interval intuition on parameters. Decision-making under uncertainty. 

Hypersoft Sets (Smarandache, 2018). Hybrid Sub-attribute parameters. 
Multi-attribute decision-making 

(MADM). 

Interval-Valued Fuzzy Adaptive Ratio 

Assignment (IVF-ARA) (Dahooie et al., 2018). 
Hybrid 

Interval-valued fuzzy multi-

attribute evaluation. 

Construction and civil project 

evaluation. 

Intuitionistic Fuzzy Parameterized 

Intuitionistic Fuzzy Soft Sets (IFPIFS-Sets) 

(Enginoğlu & Arslan, 2019). 

Hybrid Dual Dual intuitionistic fuzziness. Soft decision-making. 

Fuzzy Parameterized Intuitionistic Fuzzy Soft 

Sets (Sulukan et al., 2019). 
Hybrid Dual 

Parameterized intuitionistic 

fuzziness. 
Performance evaluation. 

d-sets (IVIFP-IVIFSS) (Aydın & Enginoğlu , 

2021). 
Hybrid Dual 

Interval-valued intuition in  

parameters and alternatives. 

Performance-based ranking, soft 

decision-making. 

Effective Fuzzy Soft Sets (EFSS) (Alkhazaleh, 

2022). 
Hybrid 

Efficiency-oriented fuzzy 

modelling. 
Medical decision-making. 

Picture Fuzzy Parameterized Picture Fuzzy 

Soft Sets (PFPPFS) (Memiş, 2023). 
Hybrid Picture fuzzy MCDM. 

Image noise removal, construction 

and civil project evaluation. 
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2.3 Applicability of d-Sets Over Other MCDM Methods 
We compare widely used MCDM techniques in the literature for their ability to handle fuzzy uncertainty, 

indeterminacy and temporal robustness. The comparison focuses on OSS product ranking and maintenance 

evaluation, where decision inputs are often noisy, incomplete and evolving. Classical MCDM methods such 

as Analytic Hierarchy Process (AHP) (Saaty, 1980), Technique for Order Preference by Similarity to the 

Ideal Solution (TOPSIS) (Hwang & Yoon, 1981), and Data Envelopment Analysis (DEA) (Charnes et al., 

1978) use crisp numerical inputs or deterministic evaluation structures. AHP is based on pairwise 

comparisons and consistency verification; TOPSIS evaluates alternatives using geometric distances from 

the ideal and anti-ideal solutions; and DEA measures relative efficiency without modeling uncertainty or 

indeterminacy. The applicability of these methods is limited for product ranking in complex OSS 

environments, as they do not support fuzzy uncertainty. Extensions of these methods have been developed 

to cater to fuzzy uncertainty. For example, fuzzy AHP (Chang, 1996; Zadeh, 1965) and fuzzy TOPSIS 

(Chen, 2000) use linguistic and fuzzy representations to handle imprecise judgments. However, these 

methods increase computational complexity due to pairwise comparisons, normalization, defuzzification 

and exhibit sensitivity to weighting and scaling schemes (Saxena et al., 2022; Singh et al., 2023). Note that 

OSS product ranking is characterized by dual uncertainty, both at the parameter level and at the level of 

alternatives. Hybrid approaches such as fuzzy AHP-TOPSIS increase flexibility but do not fully address 

the propagation of uncertainty across parameters and alternatives (Do et al., 2025). The d-set methodology 

adopted in the present study, combines IVIFS with soft set theory, enabling simultaneous representation of 

membership, non-membership and indeterminacy. d-set intervals preserve uncertainty across the decision 

space without information loss (Aydın & Enginoğlu, 2021). Unlike conventional fuzzy MCDM approaches, 

d-sets support the aggregation of heterogeneous and parameterized information, making them more suitable 

for OSS environments where evaluation attributes, such as the number of bugs in various statuses, are 

inconsistent, volatile and time-dependent. Further, d-sets provide a unified mechanism to handle both 

parameter-level and alternative-level uncertainty simultaneously. This is especially relevant for OSS 

product ranking, where evaluation dimensions are dynamic. Existing empirical studies indicate that 

interval-based soft computing frameworks produce more stable and expert-aligned rankings under high 

uncertainty conditions (Aydın & Enginoğlu, 2021). Overall, the d-set methodology gives a structured well 

suited for OSS product ranking and maintenance evaluation under fuzzy, incomplete and dynamic 

information environments. 

 

2.4 Research Gap and Contribution of the Present Study 
Although OSS maintenance datasets are widely available through bug-tracking repositories, prior studies 

have largely focused on developer-level analysis, defect prediction, bug triaging, and project-specific 

maintenance analytics, while the ranking of OSS products based on maintenance behavior remains largely 

unexplored. In addition, despite the growing adoption of fuzzy decision-making approaches, the application 

of the d-set methodology to establish OSS product rankings has not been previously investigated. Existing 

d-set studies have predominantly considered static evaluation settings, whereas OSS maintenance data are 

temporal, evolutionary and longitudinal. Unlike prior studies, the present work brings together 

maintenance-oriented bug life cycle dynamics with dual-uncertainty modeling under both long-term 

strategic assessment and short-term temporal analysis, thereby enabling a broader and more realistic 

evaluation of OSS products. 

 

3. Problem Statement 
• This study addresses the evaluation and ranking of maintenance performance of long-running OSS 

products using bug life cycle indicators extracted from historical bug repository data. 

• The decision space consists of multiple software products (alternatives) such as Bugzilla, Mozilla QA, 

GeckoView, NSS and WebExtensions, each exhibiting distinct and evolving maintenance characteristics 
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over time. These products are continuously updated through bug reporting and resolution activities, 

resulting in heterogeneous maintenance patterns across the system. 

• In this study, the evaluation of the OSS products is performed using multiple maintenance-related 

parameters derived from bug life cycle states, namely: New (N), Fixed (F), Assigned (A) and Reopened 

(R) (refer to Figure 2). These parameters capture different aspects of maintenance effort, resolution 

efficiency, backlog evolution and regression behavior across products. Since these indicators are 

extracted from real-world bug repositories, they are typically dynamic, incomplete and noisy. 

• The older information regarding bugs may become unavailable due to overwriting of statuses caused by 

reopenings, reassignments and resolutions. To account for temporal evolution, the dataset is structured 

into bimonthly time windows, where each product is evaluated across successive observation periods 

(e.g., Set I: 09/23-10/23 and Set II: 11/23-12/23). This temporal segmentation captures the evolving 

nature of OSS maintenance, where only recent bug statuses are available in the data under study. 

• Consequently, the decision problem can be formulated as a multi-criteria, multi-product and time-

evolving ranking problem, in which each OSS product is evaluated against  multiple, potentially 

conflicting parameters derived from bug life cycle states. The uncertainty arises from missing values, 

evolving bug statuses, and asynchronous updates across repositories. Since these uncertainties affect all 

products uniformly within the same observational framework, the evaluation remains unbiased across 

alternatives. 

• The uncertainty also arises at the level of performance indicators and products due to fluctuations in 

reporting, resolution delays and incomplete records. This structure leads to an MCDM formulation, where 

products represent alternatives, bug life cycle indicators represent parameters, and temporal snapshots 

represent dynamic evaluation layers. 
 

The resulting decision environment is therefore characterized by fuzziness, indeterminacy and temporal 

variability, motivating the use of advanced uncertainty-aware models, such as the d-set method for robust 

OSS product ranking under both long-term and short-term decision contexts. 

 

4. Methodology 
We present the details of the d-set methodology for evaluating software maintenance performance. The 

application of the d-set methodology leads to the adaptation of an otherwise static evaluation model into a 

dynamic performance ranking system tailored to OSS environments. Let 𝑈 denote the universal set of OSS 

product alternatives to be ranked, and let 𝐸 be the set of evaluation criteria (parameters). The following 

steps outline the process for evaluating product ranks. 
 

Step I- Construction of IVIFP Set 

An IVIFP set is characterized by assigning to each element an interval-valued membership degree and an 

interval-valued non-membership degree, both lying in [0,1] (Atanassov & Gargov, 1989). These intervals 

represent the possible ranges of membership and non-membership values, allowing the model to capture 

uncertainty more flexibly than classical intuitionistic fuzzy sets do. Aydın & Enginoğlu (2021) defined the 

IVIFP set 𝜅 as follows: 

𝜅 = {𝛽(𝑥)
𝛼(𝑥)

𝑥: 𝑥 ∈ 𝐸}                                                                                                                                               (1) 

 

where, 𝛼(𝑥) and 𝛽(𝑥) denote the interval-valued membership (𝛼(𝑥) = [𝛼−(𝑥), 𝛼+(𝑥)]) and non-

membership (𝛽(𝑥) = [𝛽−(𝑥), 𝛽+(𝑥)]) functions for parameter 𝑥 ∈ 𝐸. Here 𝛼− and 𝛼+denote the lower and 

upper bounds of the interval-valued membership function and 𝛽−and 𝛽+  denote the lower and upper 

bounds of the interval-valued non-membership function. Equations (2) and (3) give the detailed 

computation of 𝛼(𝑥) and 𝛽(𝑥), respectively: 
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𝛼(𝑥) = [
𝑚𝑖𝑛

𝑛
 𝜇𝑛

𝑥

𝑚𝑎𝑥
𝑛

 𝜇𝑛
𝑥 +𝑚𝑎𝑥

𝑛
 𝜈𝑛

𝑥+𝑚𝑖𝑛(𝑚𝑖𝑛
𝜅∈𝐼

 𝜋𝜅
𝑥 , 𝑚𝑖𝑛

𝑡∈𝐽
 𝜋𝑡

𝑥)
,

𝑚𝑎𝑥
𝑛

 𝜇𝑛
𝑥

𝑚𝑎𝑥
𝑛

 𝜇𝑛
𝑥 +𝑚𝑎𝑥

𝑛
 𝜈𝑛

𝑥 +𝑚𝑖𝑛(𝑚𝑖𝑛
𝜅∈𝐼

 𝜋𝜅
𝑥 , 𝑚𝑖𝑛

𝑡∈𝐽
 𝜋𝑡

𝑥)
]                                  (2) 

 

𝛽(𝑥) = [
𝑚𝑖𝑛

𝑛
 𝜈𝑛

𝑥

𝑚𝑎𝑥
𝑛

 𝜇𝑛
𝑥 +𝑚𝑎𝑥

𝑛
 𝜈𝑛

𝑥+𝑚𝑖𝑛(𝑚𝑖𝑛
𝜅∈𝐼

 𝜋𝜅
𝑥 , 𝑚𝑖𝑛

𝑡∈𝐽
 𝜋𝑡

𝑥)
,

𝑚𝑎𝑥
𝑛

 𝜈𝑛
𝑥

𝑚𝑎𝑥
𝑛

 𝜇𝑛
𝑥 +𝑚𝑎𝑥

𝑛
 𝜈𝑛

𝑥 +𝑚𝑖𝑛(𝑚𝑖𝑛
𝜅∈𝐼

 𝜋𝜅
𝑥 , 𝑚𝑖𝑛

𝑡∈𝐽
 𝜋𝑡

𝑥)
]                                             (3) 

 

where, 𝜇𝑛
𝑥 , 𝜈𝑛

𝑥 , 𝜋𝑛
𝑥 are the membership, non-membership and indeterminacy degrees of the parameter 𝑥 ∈

𝐸 for the 𝑛-th observation, respectively. 𝐼, 𝐽 are the index sets of maximum membership and non-

membership values, respectively: 𝐼 = {𝑘: max
𝑛

 𝜇𝑛
𝑥 = 𝜇𝑘

𝑥}, 𝐽 = {𝑡: max
𝑛

 𝜈𝑛
𝑥 = 𝜈𝑡

𝑥}. 

 

Step II- Normalization and Construction of IVIFSS 

Alternatives are first normalized to the interval [0,1] using benefit- or cost-based min-max normalization 

methods. This process makes different features comparable while preserving proportions. 
 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐵𝑒𝑛𝑒𝑓𝑖𝑡 =
𝐵𝑖−𝐵𝑚𝑖𝑛

𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛
                                                                                                            (4) 

 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐶𝑜𝑠𝑡 =
𝐶max −𝐶𝑖

𝐶max −𝐶min
                                                                                                                         (5) 

 

where, 𝐵𝑖  denotes the value of a benefit-type parameter for alternative 𝑖, with 𝐵𝑚𝑖𝑛  and 𝐵𝑚𝑎𝑥  as the 

minimum and maximum values of that parameter across all the alternatives. Similarly, 𝐶𝑖  denotes the value 

of a cost-type parameter, with 𝐶min  and 𝐶max  being the corresponding minimum and maximum values 

across all the alternatives. 

 

Let 𝑢 ∈ 𝑈 denote an alternative under comparative evaluation and let 𝑥 ∈ 𝐸 denote an evaluation parameter. 

Then the IVIFSS is defined as: 𝑓 = {(
𝛽(𝑥)

𝛼(𝑥)
𝑥, {𝜃(𝑢)

𝜔(𝑢)
𝑢: 𝑢 ∈ 𝑈}): 𝑥 ∈ 𝐸} using the interval-valued membership 

(𝜔𝑥 (u)) and non-membership (𝜃𝑥(𝑢)) degrees of alternative 𝑢 for parameter 𝑥 (Aydın & Enginoğlu, 2021): 

𝜔𝑥 (𝑢) = [ 
min

𝑛
(𝜇𝑢

𝑥 )𝑛

max
𝑛

(𝜇𝑢
𝑥 )𝑛+max 

𝑛
{1−(𝜇𝑢

𝑥 )𝑛}
,

max
𝑛

(𝜇𝑢
𝑥 )𝑛

max
𝑛

(𝜇𝑢
𝑥 )𝑛+max

𝑛
{1−(𝜇𝑢

𝑥 )𝑛}
]                                                                        (6) 

 

𝜃𝑥(𝑢) = [
min

𝑛
{1−(𝜇𝑢

𝑥 )𝑛}

max
𝑛

(𝜇𝑢
𝑥 )𝑛+max

𝑛
{1−(𝜇𝑢

𝑥 )𝑛}
,

max
𝑛

{1−(𝜇𝑢
𝑥 )𝑛}

max
𝑛

(𝜇𝑢
𝑥 )𝑛+max

𝑛
{1−(𝜇𝑢

𝑥 )𝑛}
]                                                                           (7) 

 

where, (𝜇𝑢
𝑥)𝑛  corresponds to the 𝑛-th observation of alternative 𝑢 and parameter 𝑥. The unified IVIFSS: 

𝑓 ∗ = {
𝜃∗(𝑢)

𝜔∗ (𝑢)
𝑢: 𝑢 ∈ 𝑈}, aggregates information from all parameters to compute interval-valued membership 

and non-membership degrees 𝜔∗ = [𝜔−
∗ , 𝜔+

∗ ] and 𝜃∗ = [𝜃−
∗ ,𝜃+

∗ ]) respectively, for each alternative. These 

intervals are obtained from the IVIFP and IVIFSS lower and upper bounds defined in Equations (2), (3), 

(6) and (7): 

𝜔∗(𝑢) =
1

|𝜅|𝑎

∑ 𝛼𝑥∈𝐸 (𝑥) 𝜔(𝑢), 𝜃 ∗(𝑢) =
1

|𝜅|𝑎

∑ 𝛽𝑥∈𝐸 (𝑥) 𝜃(𝑢)                                                                     (8) 

 

where, |𝜅|𝑎 is the average cardinality for |𝐸| = 𝑚 parameters calculated using Equations (2) and (3); and 

allows comparison of sets without ambiguity (Huang et al., 2013): 

|𝜅|𝑎 =
1

2
∑ (1 +

𝛼−(𝑥𝑖)+𝛼+(𝑥𝑖)

2
−

𝛽−(𝑥𝑖)+𝛽+(𝑥𝑖)

2
)𝑚

𝑖=1                                                                                       (9) 
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Step III- Formation of d-Set (Aydın &Enginoğlu, 2021) 

The lower and upper score bounds 𝑠−(𝑢𝑘 ) and 𝑠+(𝑢𝑘 ) for the 𝑘-th alternative for 𝑢𝑘 ∈ 𝑈 are obtained from 

Equation (8) as follows: 

𝑠−(𝑢𝑘 ) = 𝜔−
∗ (𝑢𝑘 ) − 𝜃+

∗ (𝑢𝑘 ), 𝑠+(𝑢𝑘 ) = 𝜔+
∗ (𝑢𝑘 ) − 𝜃−

∗ (𝑢𝑘 )                                                                                      (10) 

 
The interval-valued decision assessment 𝑑(𝑢𝑘 ) for the 𝑘-th alternative is obtained by normalizing the scores 

obtained from Equation (10). This final decision set is called the d-set: 

𝑑(𝑢𝑘 ) = [
𝑠−(𝑢𝑘 )+|min

𝑖
{𝑠−(𝑢𝑖 )}|

max
𝑖

{𝑠+(𝑢𝑖 )}+|min
𝑖

{𝑠− (𝑢𝑖)}|
,

𝑠+(𝑢𝑘)+|min
𝑖

{𝑠−(𝑢𝑖)}|

max
𝑖

{𝑠+(𝑢𝑖)}+|min
𝑖

{𝑠−(𝑢𝑖 )}|
]                                                                       (11) 

 

Step IV- Lexicographic Ranking of d-Set 

To rank the products represented by interval-valued d-sets, lexicographic ordering is applied to the two-

tuple values (lower and upper bounds) of d-sets obtained from Equation (11). Lexicographic ordering is 

applied by first comparing lower bounds and, in the case of ties, upper bounds (Xu & Yager, 2006). This 

ordering makes it possible to obtain a consistent and deterministic ranking of alternatives represented by 

interval scores despite interval-valued outcomes. 

 

For any two alternatives 𝑢𝑝  and 𝑢𝑞 : 

𝑢𝑝 ≻ 𝑢𝑞 ⇔ (𝑑−(𝑢𝑝 ), 𝑑+(𝑢𝑝 )) >lex (𝑑−(𝑢𝑞 ), 𝑑+(𝑢𝑞 ))                                                                           (12) 

 

where the lexicographic order is given by: 

(𝑎1 , 𝑎2) >lex (𝑏1 , 𝑏2) ⇔ (𝑎1 > 𝑏1) or (𝑎1 = 𝑏1  and 𝑎2 > 𝑏2)                                                                  (13) 

 

Figure 3 presents the d-set-based framework as a sequential workflow that puts together the major 

computational steps of the ranking process. 
 

 

Figure 3. Flowchart of the proposed d-set-based OSS product ranking framework. 

Input OSS Bug Life Cycle Data (New, 

Fixed, Assigned, Reopened). 

Construct IVIFP over set 𝐸 

using Equations (2) and (3). 

Construct d-set 𝑓 over Universe 𝑈 
using Equations (6) and (7). 

 

Construct Unified IVIFSS 𝑓 ∗ 

using Equation (8). 

 

 
 

Compute Score Function 𝑠(𝑢) 

using Equation (10). 
 

 
 

Construct Decision Set 𝑑 (𝑢) 

using Equation (11). 

 
 

 

Perform Lexicographic Ordering using 

Equation (12). 

 
      

 

Final OSS Product Ranking. 
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5. Empirical Case Study: Results and Discussion 
This section presents an empirical case study on OSS maintenance using bug life cycle data from the 

Bugzilla repository. The analysis is conducted under two complementary evaluation case contexts to 

examine maintenance performance from both unified and temporal perspectives. Case context 1 applies the 

d-set methodology to derive the ranking 𝑅∗ using maintenance information collected over the complete one-

year observation period. Case context 2 performs temporal ranking analysis across segmented bimonthly 

decision windows to evaluate ranking consistency over shorter observation periods, followed by Borda-

based consensus aggregation to obtain an overall temporal ranking. Together, these two case contexts 

enable the assessment of both long-term maintenance performance and short-term temporal fluctuations in 

OSS environments. To assess the robustness of the proposed ranking framework, a sensitivity analysis was 

also performed. Finally, the overall workflow of the proposed framework is summarized at the end of this 

section. The following subsections present empirical analysis and results. 

 

5.1 Data Preprocessing 
Data for OSS products were collected from Bugzilla over a one-year period (September 1, 2023, to August 

31, 2024). This period served as the evaluation horizon for assessing bug handling and ranking from an 

annual performance perspective. Following preliminary analysis, 16 products were retained as they 

exhibited relatively low sparsity and sufficient data density. Four parameters were derived from the bug life 

cycle: (i) newly raised bugs, reflecting maintenance demand and perceived software quality; (ii) fixed bugs, 

representing resolution effectiveness and backlog reduction; (iii) currently assigned bugs, indicating work-

in-progress and resource allocation; and (iv) reopened bugs, suggesting rework requirements and prior fix 

quality. No extensive data-cleaning procedures were applied, except for filtering bugs based on the 

identified parameters (new, fixed, assigned and reopened). The alternatives set and evaluation parameters 

are defined as follows: 

 

• The alternative set consists of OSS products from Bugzilla: 

𝑈 = {𝑢1 , 𝑢2 , … 𝑢16}, where 𝑢1 = "bugzilla.mozilla.org", 𝑢2 = "CA Program", 𝑢3 = “Calendar”, 𝑢4 = 

“Conduit”, 𝑢5 =“Data Platform and Tools”, 𝑢6 = “Developer Infrastructure”, 𝑢7 = “GeckoView”, 

𝑢8 = “MailNews Core”, 𝑢9 = “Mozilla QA”, 𝑢10 = “mozilla.org”, 𝑢11 = “NSS”, 𝑢12 = “Release 

Engineering”, 𝑢13 = “Remote Protocol”, 𝑢14= “support.mozilla.org”, 𝑢15 = “WebExtensions” and 

𝑢16 = " Webtools ". 

 

• The decision parameter set used to evaluate the alternatives is defined as 𝐸 = {𝑥1, 𝑥2 , 𝑥3 , 𝑥4}, where 

𝑥1 = “Number of new bugs (N)”, 𝑥2 = “Number of fixed bugs (F)”, 𝑥3 = “Number of assigned bugs 

(A)” and 𝑥4 = “Number of reopened bugs (R)”. 

 

5.2 Case Context 1: d-Set-Based Unified Product Ranking 
We present the details of the d-set-based product ranking framework, which ranks 16 OSS products across 

four parameters over a one-year observation period. Data from consecutive months were integrated and 

aligned at the product level to derive the unified ranking- 𝑅∗ over the complete observation horizon. Bug 

records were then grouped into four mutually exclusive categories: new, fixed, assigned and reopened. 

Computations were performed using Microsoft Excel 365 and the R programming language, and the code 

is available in a public repository (refer to the Code Availability section). Table 2 reports the resulting 

bimonthly dataset used for d-sets-based ranking over the one-year observation period. 
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Table 2. Bimonthly bug count by product for status: 𝑁 = 𝑁𝑒𝑤 , 𝐹 = 𝐹𝑖𝑥𝑒𝑑, 𝐴 = 𝐴𝑠𝑠𝑖𝑔𝑛𝑒𝑑, 𝑅 = 𝑅𝑒𝑜𝑝𝑒𝑛𝑒𝑑 (6 
sets, 2 months each). 

 

Product 
Set I (09/23-10/23) Set II (11/23-12/23) 

N F A R N F A R 

bugzilla.mozilla.org 6 32 2 0 4 43 1 0 

CA Program 2 34 2 0 0 22 3 0 

Calendar 26 16 0 0 15 9 0 1 

Conduit 19 24 0 2 5 29 0 0 

Data  Platform and Tools 20 79 1 0 57 112 2 2 

Developer Infrastructure 23 62 2 0 10 43 0 2 

GeckoView 20 30 2 1 22 36 1 2 

MailNews Core 38 30 1 3 62 42 1 2 

Mozilla  QA 0 0 0 0 0 0 0 0 

Mozilla.org 0 66 0 0 3 88 0 0 

NSS 49 29 1 0 311 61 16 7 

Release Engineering 11 54 2 0 7 68 3 1 

Remote Protocol 21 50 0 0 24 58 1 1 

support.mozilla.org 9 18 1 1 3 25 0 1 

WebExtensions 38 40 1 3 50 39 3 2 

Webtools 6 9 0 0 4 12 0 0 

Product 
Set III (01/24-02/24) Set IV (03/24-04/24) 

N F A R N F A R 

bugzilla.mozilla.org 144 51 6 2 10 88 1 2 

CA Program 1 27 7 0 1 29 9 0 

Calendar 34 8 0 0 20 12 0 1 

Conduit 27 34 2 1 34 54 1 1 

Data  Platform and Tools 46 110 0 2 34 122 1 1 

Developer Infrastructure 35 47 1 1 23 61 1 1 

GeckoView 26 25 3 1 29 40 0 0 

MailNews Core 107 46 1 3 93 50 2 2 

Mozilla  QA 1 0 0 0 0 1 0 0 

Mozilla.org 3 86 0 0 1 84 0 0 

NSS 23 37 4 1 15 22 7 0 

Release Engineering 11 67 0 1 12 116 2 0 

Remote Protocol 33 74 1 1 22 64 0 0 

support.mozilla.org 10 48 3 1 4 27 1 2 

WebExtensions 133 57 14 3 52 34 4 4 

Webtools 18 9 0 1 9 11 0 0 

Product 
Set V (05/24-06/24) Set VI (07/24-08/24) 

N F A R N F A R 

bugzilla.mozilla.org 18 107 2 3 5 70 2 1 

CA Program 1 144 3 1 2 63 26 0 

Calendar 78 23 2 1 28 14 1 2 

Conduit 33 87 0 0 28 56 0 0 

Data  Platform and Tools 30 79 3 1 51 66 3 0 

Developer Infrastructure 38 50 1 3 20 33 1 1 

GeckoView 110 177 1 5 116 40 1 9 

MailNews Core 143 56 9 6 108 54 4 6 

Mozilla  QA 0 53 7 0 4 96 8 1 

mozilla.org 1 112 0 0 3 72 0 0 

NSS 19 74 6 2 9 38 1 1 

Release Engineering 19 112 3 1 20 60 2 5 

Remote Protocol 62 69 1 2 52 90 1 6 

support.mozilla.org 4 75 0 0 10 31 2 1 

WebExtensions 96 85 1 4 79 52 15 9 

Webtools 26 53 0 2 12 31 1 0 

 

 

 

 

 



Kadam & Mittal: A Multi-Criteria Framework for Software Product Evaluation and Ranking … 
 

1499 | Vol. 11, No. 4, 2026  

The stepwise details of the d-set ranking framework are as follows. 

 

Step I- Construction of IVIFP Set 

The most recent dataset (Set VI) was used to construct the IVIFP set. The use of recent data is critical in 

this context as bug status in Bugzilla is updated on an ongoing basis, with earlier states often being 

overwritten. The membership (𝜇), non-membership (𝜈) and indeterminacy (𝜋) components for the Set VI 

values were mapped using a structured assignment scheme based on the relative magnitude of observed 

values, as reported in Table 3. To ensure consistency, a monotonic assignment principle is followed for 

each parameter: the most desirable values are associated with stronger membership, the least desirable with 

non-membership and intermediate or ambiguous values contribute to indeterminacy, thereby ensuring a 

consistent ordering from observed values to IVIFP s-tuples. For example, for the benefit-type parameter 

fixed bugs (𝐹), higher values were allocated to the membership component: 𝜇𝑉𝐼
𝐹 = (70,72,90,96), 

intermediate values contribute to the indeterminacy component 𝜋𝑉𝐼
𝐹 = (63,56,66,40,54,60,52) and lower 

values were assigned to the non-membership component 𝜈𝑉𝐼
𝐹 = (14,33,38,31,31). On the other hand, for 

the cost-type parameter new bugs (𝑁), lower values were associated with the membership component 𝜇𝑉𝐼
𝑁 =

(5,2,3,9,4), intermediate values contribute to the indeterminacy component 𝜋𝑉𝐼
𝑁 = (28,28,20,20,10,12), 

whereas higher values were assigned to the non-membership component 𝜈𝑉𝐼
𝑁 = (51,116,108,52,79). The 

assignment process therefore follows predefined rules instead of relying on arbitrary choices, enabling 

replicability across comparable datasets. 
 

Table 3. Ordered s-tuples for membership, non-membership and indeterminacy degrees of parameters N, F, A 
and R. 

 

N F A R 

𝜇𝑉𝐼
𝑁  

(5,2,3,9,4) 

𝜇𝑉𝐼
𝐹  

(70,72,90,96) 

𝜇𝑉𝐼
𝐴  

(26,15) 

𝜇𝑉𝐼
𝑅  

(1,0,0,0,1,0,1,1,0,1) 

𝜋𝑉𝐼
𝑁  

(28,28,20,20,10,12) 

𝜋𝑉𝐼
𝐹  

(63,56,66,40,54,60,52) 

𝜋𝑉𝐼
𝐴  

(4,8) 

𝜋𝑉𝐼
𝑅  

(2,5) 

𝜈𝑉𝐼
𝑁  

(51,116,108,52,79) 

𝜈𝑉𝐼
𝐹  

(14,33,38,31,31) 

𝜈𝑉𝐼
𝐴  

(2,1,0,3,1,1,0,1,2,1,2,1) 

𝜈𝑉𝐼
𝑅  

(6,6,9,9) 

 

 

Using Equations (2) and (3), the IVIFP set 𝜅 over the parameter set 𝐸 was obtained as follows: 

 

𝜅 = {[0.074,0.207]
[0.015,0.067]

𝑁,  [0.230,0.379]
[0.402,0.552]

𝐹,  [0.121,0.242]
[0.455,0.788]

𝐴, [0.167,0.417]
[0.000,0.083]

𝑅}. 

 

Table 4 presents the lower and upper bounds of set 𝜅 used to compute the normalization factor. 

 
Table 4. 𝛼(𝑥) and 𝛽(x) for normalization factors. 

 

 N F A R 

𝛼 − 0.015 0.402 0.455 0.000 

𝛼 + 0.067 0.552 0.788 0.083 

𝛽− 0.074 0.230 0.121 0.167 

𝛽+ 0.207 0.379 0.242 0.417 

 

 

Step II- Normalization and Construction of IVIFSS 

Using Equations (4) and (5), the bimonthly data in Table 2 were normalized. Assigned and fixed bugs are 

treated as benefit-type parameters, whereas new and reopened bugs are treated as cost-type parameters. The 

normalized dataset is presented in Table 5. 
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Table 5. Normalized parameter values across six sets of 16 products. 
 

Product 
Set I Set II 

N F A R N F A R 

bugzilla.mozilla.org 0.981 0.181 0.923 0.000 0.987 0.243 0.962 0.000 

CA Program 0.994 0.192 0.923 0.000 1.000 0.124 0.885 0.000 

Calendar 0.916 0.090 1.000 0.000 0.952 0.051 1.000 0.111 

Conduit 0.939 0.136 1.000 0.222 0.984 0.164 1.000 0.000 

Data Platform and Tools 0.936 0.446 0.962 0.000 0.817 0.633 0.923 0.222 

Developer Infrastructure 0.926 0.350 0.923 0.000 0.968 0.243 1.000 0.222 

GeckoView 0.936 0.169 0.923 0.111 0.929 0.203 0.962 0.222 

MailNews Core 0.878 0.169 0.962 0.333 0.801 0.237 0.962 0.222 

Mozilla QA 1.000 0.000 1.000 0.000 1.000 0.000 1.000 0.000 

Mozilla.org 1.000 0.373 1.000 0.000 0.990 0.497 1.000 0.000 

NSS 0.842 0.164 0.962 0.000 0.000 0.345 0.385 0.778 

Release Engineering 0.965 0.305 0.923 0.000 0.977 0.384 0.885 0.111 

Remote Protocol 0.932 0.282 1.000 0.000 0.923 0.328 0.962 0.111 

support.mozilla.org 0.971 0.102 0.962 0.111 0.990 0.141 1.000 0.111 

WebExtensions 0.878 0.226 0.962 0.333 0.839 0.220 0.885 0.222 

Webtools 0.981 0.051 1.000 0.000 0.987 0.068 1.000 0.000 

Product 
Set III Set IV 

N F A R N F A R 

bugzilla.mozilla.org 0.537 0.288 0.769 0.222 0.968 0.497 0.962 0.222 

CA Program 0.997 0.153 0.731 0.000 0.997 0.164 0.654 0.000 

Calendar 0.891 0.045 1.000 0.000 0.936 0.068 1.000 0.111 

Conduit 0.913 0.192 0.923 0.111 0.891 0.305 0.962 0.111 

Data Platform and Tools 0.852 0.621 1.000 0.222 0.891 0.689 0.962 0.111 

Developer Infrastructure 0.887 0.266 0.962 0.111 0.926 0.345 0.962 0.111 

GeckoView 0.916 0.141 0.885 0.111 0.907 0.226 1.000 0.000 

MailNews Core 0.656 0.260 0.962 0.333 0.701 0.282 0.923 0.222 

Mozilla QA 0.997 0.000 1.000 0.000 1.000 0.006 1.000 0.000 

mozilla.org 0.990 0.486 1.000 0.000 0.997 0.475 1.000 0.000 

NSS 0.926 0.209 0.846 0.111 0.952 0.124 0.731 0.000 

Release Engineering 0.965 0.379 1.000 0.111 0.961 0.655 0.923 0.000 

Remote Protocol 0.894 0.418 0.962 0.111 0.929 0.362 1.000 0.000 

support.mozilla.org 0.968 0.271 0.885 0.111 0.987 0.153 0.962 0.222 

WebExtensions 0.572 0.322 0.462 0.333 0.833 0.192 0.846 0.444 

Webtools 0.942 0.051 1.000 0.111 0.971 0.062 1.000 0.000 

Product 
Set V Set VI 

N F A R N F A R 

bugzilla.mozilla.org 0.942 0.605 0.923 0.333 0.984 0.395 0.923 0.111 

CA Program 0.997 0.814 0.885 0.111 0.994 0.356 0.000 0.000 

Calendar 0.749 0.130 0.923 0.111 0.910 0.079 0.962 0.222 

Conduit 0.894 0.492 1.000 0.000 0.910 0.316 1.000 0.000 

Data Platform and Tools 0.904 0.446 0.885 0.111 0.836 0.373 0.885 0.000 

Developer Infrastructure 0.878 0.282 0.962 0.333 0.936 0.186 0.962 0.111 

GeckoView 0.646 1.000 0.962 0.556 0.627 0.226 0.962 1.000 

MailNews Core 0.540 0.316 0.654 0.667 0.653 0.305 0.846 0.667 

Mozilla QA 1.000 0.299 0.731 0.000 0.987 0.542 0.692 0.111 

mozilla.org 0.997 0.633 1.000 0.000 0.990 0.407 1.000 0.000 

NSS 0.939 0.418 0.769 0.222 0.971 0.215 0.962 0.111 

Release Engineering 0.939 0.633 0.885 0.111 0.936 0.339 0.923 0.556 

Remote Protocol 0.801 0.390 0.962 0.222 0.833 0.508 0.962 0.667 

support.mozilla.org 0.987 0.424 1.000 0.000 0.968 0.175 0.923 0.111 

WebExtensions 0.691 0.480 0.962 0.444 0.746 0.294 0.423 1.000 

Webtools 0.916 0.299 1.000 0.222 0.961 0.175 0.962 0.000 

 

 

Table 6 summarizes the minimum and maximum parameter values across all products and sets. 
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Table 6. Minimum and maximum values of the four parameters across all products . 
 

Product 
Minimum Maximum 

N F A R N F A R 

bugzilla.mozilla.org 0.537 0.181 0.038 0.667 0.987 0.605 0.231 1.000 

CA Program 0.994 0.124 0.077 0.889 1.000 0.814 1.000 1.000 

Calendar 0.749 0.045 0.000 0.778 0.952 0.130 0.077 1.000 

Conduit 0.891 0.136 0.000 0.778 0.984 0.492 0.077 1.000 

Data Platform and Tools 0.817  0.373 0.000 0.778 0.936 0.689 0.115 1.000 

Developer Infrastructure 0.878 0.186 0.000 0.667 0.968 0.350 0.077 1.000 

GeckoView 0.627 0.141 0.000 0.000 0.936 1.000 0.115 1.000 

MailNews Core 0.540 0.169 0.038 0.333 0.878 0.316 0.346 0.778 

Mozilla QA 0.987 0.000 0.000 0.889 1.000 0.542 0.308 1.000 

mozilla.org 0.990 0.373 0.000 1.000 1.000 0.633 0.000 1.000 

NSS 0.000 0.124 0.038 0.222 0.971 0.418 0.615 1.000 

Release Engineering 0.936 0.305 0.000 0.444 0.977 0.655 0.115 1.000 

Remote Protocol 0.801 0.282 0.000 0.333 0.932 0.508 0.038 1.000 

support.mozilla.org 0.968 0.102 0.000 0.778 0.990 0.424 0.115 1.000 

WebExtensions 0.572 0.192 0.038 0.000 0.878 0.480 0.577 0.778 

Webtools 0.916 0.051 0.000 0.778 0.987 0.299 0.038 1.000 

 

Based on Equations (6) and (7), the IVIFSS f is constructed as shown in Table 7. 

 
Table 7. IVIFSS f interval values for parameters N, F, A and R. 

 

Product 
N F 

𝝎− 𝝎+ 𝜽− 𝜽+  𝝎− 𝝎+ 𝜽− 𝜽+ 

bugzilla.mozilla.org 0.005 0.045 0.001 0.066 0.051 0.234 0.064 0.218 

CA Program 0.015 0.066 0.000 0.001 0.030 0.266 0.025 0.197 

Calendar 0.009 0.053 0.003 0.043 0.017 0.066 0.184 0.334 

Conduit 0.012 0.060 0.001 0.021 0.040 0.200 0.086 0.242 

Data Platform and Tools 0.011 0.056 0.004 0.034 0.114 0.289 0.054 0.181 

Developer Infrastructure 0.012 0.059 0.002 0.023 0.064 0.166 0.128 0.265 

GeckoView 0.007 0.048 0.004 0.059 0.031 0.297 0.000 0.175 

MailNews Core 0.006 0.044 0.007 0.071 0.059 0.152 0.137 0.275 

Mozilla QA 0.014 0.066 0.000 0.003 0.000 0.194 0.068 0.246 

mozilla.org 0.015 0.066 0.000 0.002 0.119 0.277 0.067 0.189 

NSS 0.000 0.033 0.001 0.105 0.039 0.178 0.103 0.257 

Release Engineering 0.013 0.063 0.002 0.013 0.091 0.268 0.059 0.195 

Remote Protocol 0.010 0.055 0.004 0.037 0.093 0.229 0.092 0.222 

support.mozilla.org 0.014 0.065 0.001 0.007 0.031 0.177 0.100 0.258 

WebExtensions 0.006 0.045 0.007 0.068 0.060 0.206 0.093 0.238 

Webtools 0.013 0.061 0.001 0.016 0.016 0.132 0.129 0.288 

Product 
A R 

𝝎− 𝝎+ 𝜽− 𝜽+  𝝎− 𝝎+ 𝜽− 𝜽+ 

bugzilla.mozilla.org 0.015 0.152 0.078 0.196 0.000 0.063 0.000 0.104 

CA Program 0.018 0.410 0.000 0.116 0.000 0.075 0.000 0.042 

Calendar 0.000 0.056 0.104 0.225 0.000 0.068 0.000 0.076 

Conduit 0.000 0.056 0.104 0.225 0.000 0.068 0.000 0.076 

Data Platform and Tools 0.000 0.082 0.096 0.217 0.000 0.068 0.000 0.076 

Developer Infrastructure 0.000 0.056 0.104 0.225 0.000 0.063 0.000 0.104 

GeckoView 0.000 0.082 0.096 0.217 0.000 0.042 0.000 0.208 

MailNews Core 0.013 0.209 0.061 0.178 0.000 0.045 0.026 0.192 

Mozilla QA 0.000 0.185 0.064 0.185 0.000 0.075 0.000 0.042 

mozilla.org 0.000 0.000 0.121 0.242 0.000 0.083 0.000 0.000 

NSS 0.011 0.307 0.030 0.148 0.000 0.047 0.000 0.182 

Release Engineering 0.000 0.082 0.096 0.217 0.000 0.054 0.000 0.149 

Remote Protocol 0.000 0.029 0.112 0.233 0.000 0.050 0.000 0.167 

support.mozilla.org 0.000 0.082 0.096 0.217 0.000 0.068 0.000 0.076 

WebExtensions 0.011 0.295 0.033 0.152 0.000 0.036 0.021 0.234 

Webtools 0.000 0.029 0.112 0.233 0.000 0.068 0.000 0.076 
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The unified IVIFSS 𝑓 ∗, computed using Equation (8), is presented in Table 8. Using Equation (9), the 

average cardinality was calculated as 2.1309. 

 
Table 8. Unified IVIFSS 𝑓∗. 

 

Product 𝜔_  
∗   𝜔+ ∗   𝜽−

∗  𝜽+
∗  

bugzilla.mozilla.org 0.0334 0.2321 0.0670 0.2741 

CA Program 0.0293 0.3832 0.0119 0.1671 

Calendar 0.0122 0.1142 0.1367 0.3182 

Conduit 0.0245 0.1804 0.0897 0.2644 

Data Platform and Tools 0.0586 0.2320 0.0726 0.2383 

Developer Infrastructure 0.0358 0.1614 0.1100 0.2899 

GeckoView 0.0177 0.2195 0.0468 0.3097 

MailNews Core 0.0370 0.2109 0.1080 0.3363 

Mozilla QA 0.0068 0.2441 0.0621 0.2232 

mozilla.org 0.0627 0.2001 0.0883 0.2033 

NSS 0.0233 0.2654 0.0629 0.3248 

Release Engineering 0.0489 0.2184 0.0734 0.2694 

Remote Protocol 0.0484 0.1703 0.0980 0.3091 

support.mozilla.org 0.0211 0.1835 0.0925 0.2616 

WebExtensions 0.0365 0.2733 0.0722 0.3246 

Webtools 0.0136 0.1366 0.1136 0.2880 

 

 

Step III- Formation of d-Set 

Table 9 reports the lower and upper bounds of the product scores and the resulting decision set, computed 

from Equations (10) and (11). Figure 4 illustrates the interval-valued decision scores derived from the 

unified d-set. 

 
Table 9. 𝑠(𝑢𝑘) and decision set 𝑑(𝑢𝑘) for unified IVIFSS 𝑓∗. 

 

Product 𝒔− (𝒖) 𝒔+ (𝒖) 𝒅− (𝒖) 𝒅+ (𝒖) 

bugzilla.mozilla.org -0.2407 0.1652 0.0964 0.6956 

CA Program -0.1378 0.3713 0.2483 1.0000 

Calendar -0.3060 -0.0225 0.0000 0.4185 

Conduit -0.2399 0.0907 0.0976 0.5857 

Data Platform and Tools -0.1797 0.1594 0.1864 0.6871 

Developer Infrastructure -0.2540 0.0514 0.0767 0.5277 

GeckoView -0.2921 0.1726 0.0205 0.7066 

MailNews Core -0.2993 0.1029 0.0099 0.6037 

Mozilla QA -0.2164 0.1820 0.1322 0.7205 

mozilla.org -0.1406 0.1118 0.2442 0.6168 

NSS -0.3014 0.2025 0.0067 0.7507 

Release Engineering -0.2205 0.1450 0.1261 0.6658 

Remote Protocol -0.2607 0.0723 0.0669 0.5585 

support.mozilla.org -0.2405 0.0911 0.0967 0.5862 

WebExtensions -0.2881 0.2011 0.0264 0.7487 

Webtools -0.2744 0.0230 0.0466 0.4857 

 

 

Step IV- Lexicographic Ranking of d-Set 

Using the lexicographic ordering of the interval-valued decision scores, the final unified ranking 𝑅∗ was 

obtained as follows: 

 

CA Program > mozilla.org > Data Platform and Tools > Mozilla QA > Release Engineering > Conduit > 

support.mozilla.org > bugzilla.mozilla.org > Developer Infrastructure > Remote Protocol > Webtools > 

WebExtensions > GeckoView > MailNews Core > NSS > Calendar. 
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Figure 4. Interval-valued decision scores(𝑑−(𝑢𝑝),𝑑+(𝑢𝑝)) for the unified IVIFSS 𝑓∗. 

 
 

The framework produces interval-valued decision scores, allowing clear and consistent prioritization under 

uncertainty. Product ordering is primarily driven by higher lower-bound values of the decision intervals, 

providing deterministic and interpretable ranking. The interval-valued structure of the d-set represents the 

uncertainty and variation inherent in OSS bug repository data, including fluctuations in reporting behavior, 

resolution delays, and evolving maintenance dynamics over time. Unlike deterministic and point-estimate-

based approaches, the employed framework accounts for uncertainty in both the parameters and the 

alternatives across multiple stages. 
 

5.3 Case Context 2: Temporal Ranking and Consensus Aggregation 
From an operational perspective, decision-makers often require interim performance monitoring to address 

concerns such as changes in resource allocation, escalation handling, maintenance evaluation, release 

planning, or shifting organizational focus across products. To address this, in case context 2, a temporal 

evaluation is carried out to examine maintenance-performance behavior over shorter time intervals. For this 

purpose, the OSS maintenance data for one year was segmented into six bimonthly decision windows. 

Product rankings 𝑅1 to 𝑅6  were then independently computed for each period using the d-set ranking 

framework. Each period was divided into four two-week datasets, and the d-set method was applied as in 

case context 1. The six temporal rankings capture localized maintenance dynamics and are reported in 

Table 10. If a decision-maker wishes to assess product performance over one year, the consensus 

representation of these temporal rankings can be computed using the Borda rank aggregation method 

(Borda, 1781). For this purpose, the consensus score for each product 𝑖, is computed as follows: 
 

𝐵𝑂𝑖 = ∑ 𝑟𝑖𝑡
𝑇
𝑡=1                                                                                                                                           (14) 

 

where, 𝑟𝑖𝑡 is the ordinal rank assigned to product 𝑖 in the temporal window 𝑡 and 𝑇 is the total number of 

windows. The final consensus ranking is obtained by ordering products in ascending order of 𝐵𝑂𝑖 , where 

lower values indicate stronger overall performance consensus across temporal windows. 
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The ranking produced in case context 1 (𝑅∗) and the Borda consensus ranking (refer to Table 10) for the 

same time frame demonstrate moderate-to-strong agreement, with Spearman’s 𝜌 = 0.75 suggesting that 

both case contexts capture largely consistent maintenance-performance behavior. This agreement also 

suggests that the case context 2 evaluation framework based on Borda rank aggregation performs well in 

reducing temporal noise and captures persistent maintenance-performance signals across temporal 

windows. Borda aggregation favors positional consistency across temporal windows and implicitly treats 

equal ordinal separation between adjacent ranks. In contrast, the d-set approach preserves interval-valued 

uncertainty and performance proximity information during evaluation and ranking. As a result, the d-set-

based ranking offers clearer distinction among closely ranked products under uncertain maintenance 

conditions. In practical OSS maintenance environments, decision-makers may require both long-horizon 

evaluation and shorter-period analysis depending on operational objectives. Figure 5 illustrates the 

temporal evolution of product rankings across multiple decision periods, together with the ranking 𝑅∗. 

 

 
Table 10. Product rankings across bimonthly windows, aggregated Borda ranking, and the baseline ranking 𝑅∗. 

 

Product R1 R2 R3 R4 R5 R6 Borda rank R* 

bugzilla.mozilla.org 6 3 10 7 7 4 5 8 

CA Program 5 4 4 3 3 2 2 1 

Calendar 12 16 11 16 14 14 16 16 

Conduit 16 8 14 10 8 6 12 6 

Data Platform and Tools 4 1 2 2 9 5 3 3 

Developer Infrastructure 1 15 9 8 15 10 10 9 

GeckoView 9 9 12 9 11 16 13 13 

MailNews Core 11 10 15 14 12 15 15 14 

Mozilla QA 15 13 13 12 1 1 8 4 

mozilla.org 2 2 1 4 2 3 1 2 

NSS 8 14 8 5 5 8 7 15 

Release Engineering 3 5 5 1 6 13 4 5 

Remote Protocol 7 6 7 6 10 11 6 10 

support.mozilla.org 10 12 6 13 4 12 9 7 

WebExtensions 13 7 3 15 13 9 11 12 

Webtools 14 11 16 11 16 7 14 11 

 
 

5.4 Sensitivity Analysis 
To evaluate the robustness of the d-set-based ranking framework, a perturbation analysis was conducted by 

introducing controlled variations in the IVIFP set (𝛼, 𝛽) reported in Table 4. For the sensitivity analysis, 

data for the entire one-year observation period, as in case context 1, were used. The rankings were 

recomputed under perturbation levels of ±5%, ±10% and ±15% and compared with the case context 1 

ranking 𝑅∗. The results in Table 11 show an overall high degree of stability across all perturbation levels, 

with Spearman’s 𝜌 consistently demonstrating a strong correlation between the obtained rank and 𝑅∗. 

Spearman’s rank correlation coefficient is commonly employed to evaluate ranking consistency and 

pairwise ordering agreement across decision methods (Wu & Tiao, 2018). There are minor local rank 

variations among closely ranked alternatives; however, the overall ranking structure largely remains 

unaffected by moderate perturbations. These findings confirm the robustness, stability and reliability of the 

framework for decision-making under uncertainty. 

 



Kadam & Mittal: A Multi-Criteria Framework for Software Product Evaluation and Ranking … 
 

1505 | Vol. 11, No. 4, 2026  

 
 

Figure 5. Temporal comparison of product rankings across six periods (𝑅1-𝑅6) alongside the ranking 𝑅*. 
 

 
Table 11. Ranking stability of R* under different perturbation levels. 

 

Product Baseline Rank 5% Perturbation 10% Perturbation 15% Perturbation 

bugzilla.mozilla.org 8 8 8 8 

CA Program 1 1 1 1 

Calendar 16 16 16 16 

Conduit 6 6 7 7 

Data Platform and Tools 3 3 3 3 

Developer Infrastructure 9 9 9 9 

GeckoView 13 13 13 12 

MailNews Core 14 14 15 15 

Mozilla QA 4 4 4 4 

mozilla.org 2 2 2 2 

NSS 15 15 14 14 

Release Engineering 5 5 5 5 

Remote Protocol 10 10 10 10 

support.mozilla.org 7 7 6 6 

WebExtensions 12 12 12 13 

Webtools 11 11 11 11 

Spearman’s 𝜌 — 1 0.9941 0.9912 

 

 

5.5 Proposed Framework for OSS Maintenance Performance Evaluation 

This section summarizes the OSS product performance evaluation and ranking framework proposed in this 

study. Figure 6 depicts the structured approach proposed for evaluating OSS maintenance performance 

under uncertainty using bug life cycle data consists of data preparation, uncertainty modeling, ranking 

generation, temporal evaluation, and robustness assessment within a unified decision-support process. The 

analysis begins with the collection and preprocessing of bug life cycle data from Bugzilla, where 

maintenance indicators are defined by four parameters: newly reported, fixed, assigned and reopened bugs. 

These parameters collectively represent several aspects of maintenance demand, resolution effectiveness, 

workload status, and bug resolution quality. To address the uncertainty and variability in data, the 

framework employs IVIFP representations and develops d-sets (IVIFP-IVIFSS) for performance 

evaluation. Reliability is further examined through sensitivity analysis conducted by perturbing the IVIFP 

set and comparing the resulting d-set rankings with the baseline ranking and evaluating the stability of the 

framework under moderate variations in the underlying uncertainty specifications. 
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The framework uses two evaluation settings: 

• Case context 1 generates a unified ranking. It combines six bimonthly maintenance timeframes to 

produce a one-year ranking of OSS products. A perturbation analysis is performed to verify the 

robustness of the ranks obtained using fuzzy d-set approach. 

• Case context 2 assesses individual performances of six bimonthly timeframes. Each bimonthly window 

in turn combines four biweekly timeframes. This setting enables the analysis of short-term maintenance 

changes and time-based variations among the individual ranks. The resulting rankings are later 

aggregated into a one-year timeframe using the Borda count method. This generates a consensus ranking 

that validates ranking consistency with baseline ranking of case context 1. 

 

 
 

Figure 6. Proposed framework for OSS product performance evaluation and ranking. 
 

 

Overall, the framework provides a systematic workflow that connects repository-based maintenance data 

to uncertainty-aware decision analysis. It enables both long-term and temporal assessments of OSS 

maintenance performance while ensuring the robustness of the resulting rankings. 

 

6. Managerial Insights 
The ranking framework transforms results into actionable insights for various stakeholders: 

• For sponsors, the rankings can support funding decisions by identifying products needing more 

investment due to maintenance risks, and the ones that merit continued investment due to stable 

performance and value. 

• For enhancement leads, the rankings aid planning and control with respect to sprint review, release 

planning, service monitoring, issue escalation, and resource adjustment. 

• The framework presented in this study supports long-term strategic assessment through the unified 

ranking and short-term assessments, helping support managers distinguish persistent maintenance 

patterns and interim changes across decision windows. 

• Time-based changes may reflect organizational priorities, release cycle pressures, workload shifts and 

changes in development focus across products. Module lead maintainers can plan maintenance 
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activities based on fluctuations in rankings over time. They may focus on lower-ranked components 

that show instability while giving less attention to consistently high-performing products. 

• For development teams, the interval-valued scores improve decision confidence by separating stable 

products from those with high variability, guiding level of monitoring, backup planning, and corrective 

actions. 

• For portfolio managers, the framework supports prioritization across multiple products under resource 

constraints while aligning maintenance efforts with strategic importance and risk exposure. 

 

Overall, the proposed approach supports the transition from reactive bug fixing toward proactive evidence-

driven maintenance, improving reliability, cost efficiency, and long-term sustainability while offering a 

practical decision-support tool for complex uncertain software maintenance environments. 

 

7. Conclusion 
This study presents a maintenance-focused performance evaluation of OSS systems using bug life cycle 

data in the d-set decision-making framework. It proposes a structured approach for modeling uncertain and 

dynamic maintenance data to obtain comparative product rankings. The empirical case study, using 

Bugzilla data, yields clear, stable and actionable rankings, showing the framework’s practical use for 

practical decision-support in uncertain and evolving software maintenance environments. The results show 

that the d-set methodology generates stable rankings under simultaneous uncertainty in parameters and 

alternatives across unified and temporal decision contexts. The baseline ranking 𝑅∗ reflects consistent 

maintenance performance across the full observation period, while temporal ranking analysis provides 

insights into shorter-term operational variations and evolving maintenance dynamics. Perturbation analysis 

further indicates the stability and robustness of the resulting rankings under moderate variations in input 

parameters, supporting the framework's reliability for decision-making under uncertainty. 

 

One limitation is that the analysis is constrained to a one-year temporal window uses a single recent 

snapshot of bug data but lacks full historical state data. In addition, only a limited set of maintenance 

parameters has been examined, and additional factors such as team size, project maturity, and release 

cadence are excluded. Despite these limitations, the framework can be applied more broadly in OSS and 

industrial software maintenance areas. 

 

Future research may extend this work by using longer time periods and more maintenance and quality 

metrics, including historical state-transition data and different weighting and aggregation schemes. These 

extensions may further improve the usability of d-set-based evaluation frameworks for maintenance 

governance, portfolio prioritization, and long-term sustainability assessment in complex software 

environments. 
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