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Abstract

Context: In the fast-growing API Economy scenario, API Gateways
became an essential tool for microservice reliability and scalability,
yet lack standardized quality models and measures to assess these
tools in an objective fashion.
Objective: This study quantitatively and qualitatively assessed the
accuracy and relevance of a set of 59 metrics, gathered from prior
analysis of 68 mainstream API Gateway software offerings.
Method: An expert judgment evaluation study was conducted with
seven domain specialists (N = 7) from both academia and industry,
who assessed each metric’s accuracy and relevance using 5-point
Likert scales. A multi-statistical method was performed to assess
ratings, inter-observer consistency and reliability.
Results: Although ratings were generally neutral to positive,
statistical analysis revealed low consensus across experts. A subset
of 24 core metrics with strong agreement and high scores was
identified, alongside moderate- and low-agreement sets. These items
cover key API management concerns, including traffic monitoring,
error handling, latency, and resource usage.
Conclusions: By combining practical definitions, expert
judgment, and a tiered classification mechanism, this work
established a broad and comprehensive set of metrics that will
help to bridge the gap between metric adoption in real-world
platforms and their theoretical grounding in software quality models.

1. Introduction

Problem statement

As organizations increasingly adopted microservices architectures in their software ecosys-
tems, the role of API Gateways became pivotal in ensuring system performance, scalability,
reliability, security and maintainability [1–3].

While existing literature addresses various aspects of API Management software quality
such as performance, security, and usability [4,5], there is a notable absence of standardized,
validated frameworks to assess the quality of API Gateways [6]. This gap impedes the
development of consistent evaluation methodologies and benchmarks for API Gateway
implementations.
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Study context

In contemporary software engineering, Application Programming Interfaces (API) serve
as fundamental building blocks, enabling interoperability and integration across diverse
systems and platforms [1, 7]. The proliferation of digital services has underscored the
necessity for effective API management, with the API Gateway emerging as a critical
component in orchestrating and securing API traffic [5].

The growing adoption of APIs has led to the proliferation of various API Gateway
products. Current industry “state of the market” reports indicate that there are 65+ API
Gateway offerings available nowadays123.

In such a competitive landscape, it is essential to understand how software quality can be
defined, measured and assessed, and what these products provide to satisfy the stakeholders’
requirements. However, there is a fragmented research landscape characterized by technical
implementations often lacking grounding in established software quality models, and a notable
absence of standardized, validated frameworks for API Gateway quality assessment [6].

To address this gap comprehensively, our research has pursued a multi-phase strategy
integrating multiple evidence sources:
1. Understanding the research landscape [6]: identified quality attributes, measurement

and evaluation methods, and the absence of formal frameworks in API management
research.

2. Understanding practitioners’ priorities [3]: a practitioner-oriented survey explored how
professionals perceive API management quality requirements and mapped these to
ISO/IEC 25010 quality attributes [8], revealing that functional suitability, performance
efficiency, reliability, and security are consistently prioritized.

3. Capturing operational reality [9]: the analysis of 68 mainstream API Gateway platforms
documented the operational metrics actually deployed in production systems.

4. Expert validation (current study): Rigorous evaluation of practice-based metrics by
domain experts to establish a validated, standardized foundation.

Research objective

The main goal of this work was to quantitatively and qualitatively validate the accuracy
and relevance of a preliminary set of 59 API Gateway software metrics gathered from
a previous analysis of current mainstream API Gateway software offerings, as detailed
in [9]. The validation was carried out using an expert judgment approach, following the
guidelines proposed in [10,11].

Contribution statement

This study contributes to the software engineering and API management literature by
providing a validated and empirically grounded set of API Gateway quality metrics. Main
contributions include:
– The empirical evaluation of accuracy and relevance of a large set of API Gateway

software metrics, performed by a cohort of seven internationally recognized specialists
from both academia and industry.

1https://www.gartner.com/en/documents/4829031
2https://www.postman.com/state-of-api/
3https://apilandscape.apiscene.io/2
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– A structured statistical analysis of the agreement level among specialists, based on
inter-observer reliability and internal consistency, according to [12].

– A tier-based classification scheme based on expert ratings and statistical agreement
between the specialists.

– A subset of 24 core metrics with strong agreement and high scores that can support
standardized quality assessment in the API management domain, which can be establish
a ready-to-use artifact to measure, assess and improve API Gateway software quality.
By combining systematic artifact analysis, expert validation, and quantitative rigor, this

research effort addresses the absence of standardized quality measures for API Gateways
and offers a robust foundation for benchmarking, product evaluation, and integration with
established software quality frameworks. Ultimately, it represents a significant step toward
defining a tailored API Gateway software product quality model, serving as a foundation for
more consistent assessment, informed decision-making, and future standardization efforts
in the domain.

Research Significance

This work addresses a critical gap in API management research and practice at a pivotal
moment in the field’s evolution. The significance of this work operates on multiple levels:

Theoretical Contribution: By validating operational metrics through expert judg-
ment and grounding them in established software quality frameworks, this research bridges
the gap between ad-hoc industry practices and formal quality assessment methodolo-
gies. The resulting catalog provides the empirical foundation necessary for developing
a comprehensive API Gateway quality model aligned with existing standards such as [13].

Practical Impact: The 24 validated core metrics offer immediately deployable quality
indicators for organizations managing API infrastructure. Unlike existing platform-specific
metrics, this validated set provides a vendor-neutral, expert-endorsed foundation for
benchmarking, monitoring, and evaluating API Gateway implementations across diverse
organizational contexts.

Methodological Implication: The four-step validation strategy – integrating system-
atic literature analysis, practitioner survey data, operational platform analysis, and expert
judgment – establishes a rigorous methodological template for validating practice-derived
software metrics. This approach demonstrates how industry practices can be systematically
elevated to theoretically grounded standards.

Timing and Context: With 65+ API Gateway products currently available and
the API Economy projected to grow substantially, the absence of standardized quality
assessment frameworks represents a significant impediment to informed decision-making,
systematic improvement, and vendor comparison. This work proposes a validated measure-
ment foundation essential for the field’s maturation from fragmented implementations to
standardized best practices.

1.1. Paper structure

The remainder of this paper is organized as follows. Section 2 explains the background
knowledge. Section 3 reviews related work on API management and API Gateway quality,
providing context for the research. Section 4 outlines the research methodology, detailing
the sampling strategy, survey design, and multi-statistical approach used to validate expert
ratings. In Section 5, we present the key findings from expert ratings and statistical analysis, 3
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and include a tier-based classification of API Gateway measures. Section 6 discusses the
implications of these findings, while Section 7 addresses the potential threats to the validity
of the study. Finally, Section 8 concludes the paper and offers directions for future research.

2. Background

2.1. API, API Management and API Gateways

In recent years, the distribution models for information systems have been moving towards
XaaS [14] paradigms. This shift entailed organizations providing their digital assets as
services to customers [15]. In general, such services are supported by API that typically
adhere to REST [16] principles.

API present both a business side and a technical side [17]: they determine how the
organizations want to use their assets to deliver value within the organization and to
external third parties, and they are “a technical answer to a business problem” that allow
to implement a set of requirements that govern how applications can interact and exchange
data. In this sense, the term “API Economy” [18] reflects the ongoing trend across industries
towards innovative approaches to enhancing their business frameworks.

The API Economy scenario exerts additional pressure in developing, deploying, and
maintaining information systems. Since APIs have gained a critical aspect [19], organizations
need to proactively address the risks of failure by enhancing API Management [5, 17]
capabilities and managing their APIs through API Management platforms.

API Management Platforms provide the basic capabilities to create, analyze, and
manage APIs in a secure and scalable environment such as providing helpful documentation,
controlling access to the API, as well as monitoring and analyzing its usage [5]. At the
core of digital integration strategies, these platforms facilitate the creation, analysis, and
governance of APIs within a secure and flexible framework, streamlining API management
processes [1, 5, 20].

At the core of API Management products lies the API Gateway. The API Gateway acts
as a centrally managed, API-oriented control service that encapsulates, exposes, secures,
and manages back-end data and services as RESTful APIs, which provides a framework for
establishing a facade on top of these services [21]. API Gateway’s main features may include
security, traffic management, service and data mapping, caching, load balancing, error
reporting, and performance monitoring, among others. API Gateways provide a broad set of
metrics that enables the production of business-value reports and user-friendly dashboards
aiming at helping to understand who uses available APIs and how they are utilized [5].

2.2. API management capabilities and practices

In general, API Management Platform features are generally characterized in the form of
practices and capabilities.

According to [5], API Management capabilities represent the features that enables
developers to create, analyze, audit, log, analyze, and manage the lifecycle of API in a secure,
reliable and flexible environment. Suggested capabilities are: developer enablement for API;
API lifecycle management; secure, reliable and flexible communications; and API auditing,
logging and analytics.4
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Additionally, a systematic mapping study (SMS) by [22] identified 114 API Management
practices and 39 capabilities. In their framework, a practice was defined as “any activity
with the explicit goal of improving, encouraging, or managing the usage of an API”,
while a capability referred to “the ability to achieve a specific API Management objective
through the coordinated execution of two or more interrelated practices”. Commonly
reported capabilities included authentication, monitoring, security, analytics, catalog and
documentation, API publication and deployment, monetization, and version management.

2.3. Software Product Quality and Metrics

There is a wide range of standards applicable to various areas of knowledge in Software
Engineering, with a common objective related to quality. In general, software quality can
be appreciated from two perspectives: the first is based on the ISO 9001 standard [23],
which focuses on quality policy across the entire organization. The terminology of this
standard may be unfamiliar to software professionals, and quality management auditors
may not be familiar with the software engineering vocabulary [10, 24]; the second seeks
to decompose software quality into a set of desired characteristics of a software product
and select measures and evaluation methods to determine if the desired level of those
characteristics has been achieved. From this perspective, over time, various quality models
have been developed, such as FURPS, Boehm, Dromey, and McCall, among others [25].

The terminology for quality attributes of software products differs from one model to
another; each model has a different number of hierarchical levels, as well as a distinct
number of characteristics [25]. A milestone in the definition of quality standards was the
publication of the ISO/IEC 9126:1991 standard [26], which was subsequently replaced
by the ISO/IEC 9126:2001 [27] and ISO/IEC 14598:1999 [28] standards. Currently, the
international standards series ISO/IEC 25000 [29], known as SQuaRE (Software Product
Quality Requirements and Evaluation), unifies and replaces the ISO/IEC 9126 and ISO/IEC
14598 series. SQuaRE is considered the current de facto standard series for software product
quality, addressing aspects related to quality management, requirements, software and data
quality models, as well as measurement and evaluation processes for quality.

The ISO/IEC SQuaRE series is structured into several divisions. Within the scope of
this paper, the relevant divisions are outlined as follows:

The Quality Model Division (2501n) provides models for system and software product
quality, quality in use, and data quality. The general software product quality model is
described in [13].

The Quality Measurement Division (2502n) includes a system and software product
quality measurement reference model, definitions of quality measures, and practical guidance
for their implementation. The framework for quality measurement is illustrated in [30].

The Quality Evaluation Division (2504n) offers requirements, recommendations, and
guidelines for system and software product evaluation. An overview of the evaluation
process is presented in [31].

The concept of measurement was introduced by [32] as “the assignment of numerals
to objects or events according to rules”. This foundational definition highlights that
measurement is not merely about assigning numbers, but doing so systematically, in a way
that reflects the nature of the attributes being observed. The scale of measurement used –
such as nominal, ordinal, interval, or ratio – determines the types of analysis or comparisons
that are meaningful. 5

https://www.e-informatyka.pl/EISEJ/papers/2026/1/6/


This article has been accepted for publication in e-Informatica Software Engineering Journal (EISEJ).
This is the author’s version wich has not been fully edited and content may change prior to final publication.

Citation information: DOI 10.37190/e-Inf260106

dos Santos et al. e-Informatica Software Engineering Journal, 20 (2026), 260106

In software engineering, measurement is essential for understanding, evaluating, and
improving software products and processes [33]. Accordingly, metrics are proposed to
quantify specific quality attributes and support decision-making.

The representational theory of measurement formalizes the relationship between ob-
served attributes and the numerical values used to represent them. As noted by several
authors [33] [12,34], all measurement begins with the observer’s intuition and subjective
interpretation, which must then be systematically refined into reliable, objective measures.

2.4. Expert Judgment in Software Engineering

In software engineering, judgment studies leverage structured expert evaluations to assess
constructs that are difficult to measure directly, by gathering empirical data from a group
of participants who are asked to judge or rate behaviors, to discuss a given topic of interest.
As stated by [10], “the Judgment Study is a compromise between achieving a high level of
precision and generalizability of findings”.

Judgment studies rely on systematic sampling and involve experts, appropriately
informed to respond to a certain question. These studies commonly employ formal elicitation
methods — like Delphi [35] panels, focus groups [36], or evaluation studies [10] — combined
with inter-rater agreement metrics [12] to ensure reliability and validation of subjective
assessments.

According to [33], validating a software metric is the process of ensuring that the measure
is a proper characterization of a claimed attribute by showing that its representation
condition is satisfied.

From a theoretical standpoint, the accuracy of a measure depends on the definition of
the measurement, as stated by [33]. However, measures may not be likely to be accurate,
either because the definition is imprecise or ambiguous, or because it depends on the
subjective judgment of the person doing the measuring.

3. Related Work

The quality of API management has been increasingly examined from both academic and
industry perspectives, yet it remains loosely defined and lacking formal standardization. This
section critically examines existing research across four dimensions: the API management
quality research landscape, quality modeling approaches, validation methodologies in the
API domain, and the specific metric validation gap that motivates this study.

3.1. API Management Quality Research Landscape

A recent SMS [6] identified a fragmented landscape of research problems and evaluation
methods in the API management domain. The study analyzed contributions across multiple
venues and revealed that most work is categorized as technical implementations or specific
solutions [37], often without grounding in established software quality models. Among
the most commonly addressed quality attributes were performance efficiency, reliability,
functional suitability, and security. The study also highlighted that research generally
did not explicitly utilize formal quality models. However, it underscored that common
meta-model elements, such as features and metrics, were widely employed as evaluation
mechanisms.6
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This fragmentation reflects a broader pattern in software engineering research where, as
noted by [37], solution-oriented contributions often provide limited generalizability without
grounding in theoretical frameworks. The API management domain exemplifies this pattern
– considerable implementation innovation exists, alongside sparse validation of underlying
quality constructs. While researchers and practitioners recognize that performance, relia-
bility, and security matter, the absence of standardized measurement frameworks prevents
systematic comparison, benchmarking, or cumulative knowledge building. This gap between
recognized importance and measurement standardization represents a critical impediment
to the field’s maturation.

3.2. Quality Modeling Approaches for APIs

Several researchers have attempted to formalize API quality assessment through structured
models. [38] proposed an API management maturity model (API-m-FAMM) from an
organizational perspective, establishing a set of focus areas for capability development
across different maturity levels. The model provides a framework for organizations to
assess and improve their API management practices systematically. [39] introduced a web
API quality meta-model and defined a quality model with three attributes – functionality,
reliability, and usability – demonstrating quantitative evaluation in real-world applications
through a case study approach. More recently, [40] presented a catalog of metrics to assess
API usability, developed using the Goal-Question-Metric (GQM) [41] approach, which
provides a structured method for deriving metrics from quality goals.

These contributions advance quality conceptualization in important ways. The maturity
model [38] offers organizational guidance for capability improvement, while the meta-model
[39] demonstrates feasibility of quantitative quality assessment. The GQM-based usability
metrics [40] provide rigorous derivation from explicit quality goals. However, these works
share common limitations relevant to the current study’s focus. First, the maturity model
addresses organizational capabilities rather than product quality metrics – it guides how
to manage APIs but not what to measure in API products. Second, the meta-model’s
three-attribute scope provides limited coverage of the comprehensive quality concerns
identified in [6], particularly overlooking operational aspects like resource utilization and
system health. Third, while the usability metrics are rigorously derived, they address
only one quality characteristic. Critically, none of these works specifically target API
Gateway quality as a distinct domain, nor do they validate metrics against operational
implementations in production systems. The current study addresses these gaps by focusing
specifically on API Gateway infrastructure and validating metrics already deployed in
real-world platforms.

3.3. Validation Methodologies in API Research

The use of surveys and empirical studies has been employed to characterize API practices
and validate artifacts in the domain. [42] presented the outcomes of the first survey
specifically targeting API developers in Argentina, identifying usage patterns and challenges
faced by software developers when consuming web APIs within that regional context. This
work provided valuable insights into practitioner experiences and common pain points in
API consumption.

Building on artifact validation approaches, [40] employed surveys directed to both API
consumers and developers to evaluate the usefulness of their proposed usability metrics 7
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set. In a related study, [43] conducted a survey with 36 practitioners – including both
experts and non-experts – to assess perceptions on the influence of various usability factors.
Interestingly, their findings indicated that ratings did not vary significantly between experts
and non-experts in the context of usability evaluation.

The finding that expert and non-expert ratings converged in usability assessment [43]
provides an important methodological insight that contrasts with the current study’s design.
This convergence likely reflects the intuitive nature of usability concerns – factors like ease
of use and clarity are readily assessed by diverse users. However, evaluating technical quality
metrics requires different expertise: assessing metric accuracy (whether definitions are
precise and unambiguous) and operational feasibility (whether metrics can be implemented
reliably) demands deep domain knowledge. Our deliberate focus on recognized experts thus
reflects distinct validation objectives appropriate for technical metric evaluation rather
than user experience assessment.

3.4. Practitioner Perspectives and Requirements

Complementing academic research, practitioner-oriented studies have explored quality
requirements from the perspective of those implementing and operating API management
systems. [3] conducted a survey exploring how professionals in the field perceive the quality
requirements of API management systems and mapped these traits to quality attributes
established in the ISO/IEC 25010 standard [8]. Functional suitability, performance efficiency,
reliability, and security were consistently highlighted as the most critical characteristics
– reinforcing the overlap between academic research focus and practitioner needs, while
simultaneously exposing the absence of systematic quality frameworks for assessment.

The remarkable convergence between academic research emphasis [6] and practitioner
priorities [3] on performance, reliability, security, and functional suitability provides strong
evidence for these attributes’ centrality to API Gateway quality. This alignment validates
the relevance of academic research directions. However, this consensus also reveals a critical
gap: while agreement exists on what quality attributes matter, no standardized, validated
frameworks exist for systematically measuring these concerns in API Gateway contexts.
Practitioners must either rely on vendor-specific metrics that vary across platforms or
develop ad-hoc measurement approaches that lack empirical validation. This measurement
gap motivated our previous work in cataloging operational metrics [9] and drives the
validation study reported in this paper.

3.5. The Metric Validation Gap

Despite growing recognition of API management quality’s importance, as evidenced by the
studies reviewed above, standardized and empirically validated metrics for API Gateway
assessment remain conspicuously absent. Existing research has identified quality attributes
that matter [6], characterized practitioner priorities [3], and proposed quality models [38,39],
yet none have established validated metrics specifically for API Gateway infrastructure.

Our previous work [9] began addressing this gap by systematically cataloging 59
metrics from 68 commercial and open-source API Gateway platforms. The catalog was
developed following Design Science Research (DSR) principles [44] and organized according
to established API management capability frameworks [5,22]. Quantitative analysis revealed
that most metrics addressed latency, response time, error tracking, and traffic monitoring
– operational concerns aligned with the practitioner perspectives discussed in [3]. This8
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work documented operational reality by capturing what practitioners actually measure in
production systems. However, the catalog lacked external validation, particularly through
systematic expert evaluation.

As emphasized by measurement theory [33], validating a software metric requires
demonstrating that it properly characterizes the claimed attribute – ensuring that the
representation condition is satisfied. Practice-derived metrics, while demonstrating opera-
tional feasibility, require expert validation to establish theoretical grounding and confirm
accurate representation of quality constructs. Without such validation, the risk remains
that operational metrics may be measuring convenient proxies rather than genuine quality
attributes, or that metric definitions may be ambiguous or inconsistent across implementa-
tions. This validation gap – the absence of systematic expert assessment of practice-derived
API Gateway metrics – directly motivated the current study.

3.6. Positioning the Current Work

This study uniquely addresses the identified gaps by integrating multiple evidence sources
and validation approaches. Our work differs from existing research in several critical
dimensions:

Domain specificity: Unlike general API quality models that address APIs broadly,
this work specifically targets API Gateway infrastructure – the critical component that
orchestrates, secures, and monitors API traffic in microservices architectures. API Gate-
ways present distinct quality concerns related to traffic routing, load balancing, security
enforcement, and operational monitoring that differ from application-level API quality.

Practice-grounded validation: Rather than proposing theoretically derived metrics,
we validate measures already deployed in 68 production systems [9], ensuring practical
feasibility and operational relevance. This approach acknowledges that metrics demonstrat-
ing real-world adoption likely address genuine operational concerns, though they require
validation to establish theoretical soundness.

Rigorous expert judgment methodology: We apply established validation method-
ologies from software engineering research [10,12], including purposive expert sampling,
structured evaluation instruments, and multi-method statistical analysis of inter-rater agree-
ment. This rigor distinguishes our validation effort from informal consensus or anecdotal
acceptance.

Multi-source triangulation: The current validation study represents the fourth
phase of a comprehensive research program that integrated: (1) systematic mapping of API
management research [6], (2) practitioner survey of quality requirements [3], (3) systematic
analysis of operational metrics across platforms [9], and (4) expert validation (current
study). This four-step approach provides robust triangulation across literature, practitioner
perspectives, operational reality, and expert judgment.

Actionable classification framework: Beyond binary validation (accept/reject), we
provide a tier-based classification that translates mixed expert assessments into practical
guidance. This framework identifies metrics ready for immediate adoption (Tier 1), those
requiring refinement (Tier 2), and those needing substantial revision (Tier 3), supporting
evidence-based decision-making by researchers and practitioners.

By systematically bridging the gap between operational practice and theoretical valida-
tion, this research establishes the empirical foundation necessary for developing standardized
API Gateway quality assessment frameworks. The validated metric set addresses the frag-
mentation identified in [6], operationalizes the quality requirements articulated in [3], 9
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and elevates the practice-derived metrics documented in [9] to theoretically grounded,
expert-validated standards.

4. Method

Research questions

The overarching goal of this study is to establish a validated foundation for API Gateway
quality assessment by evaluating the accuracy and relevance of 59 practice-derived metrics
through expert judgment. This validation serves multiple purposes: (1) establishing con-
sensus on metric definitions, (2) identifying a core set of reliable measures, (3) mapping
validated metrics to quality concerns, and (4) providing a classification framework to guide
adoption and future standardization efforts. To operationalize this goal systematically, four
complementary research questions that address different facets of the validation process
were formulated.

RQ1: To what extent do domain experts agree on the accuracy and relevance of existing
API Gateway quality metrics?

Understanding the level of agreement among experts helps determine the perceived
validity and practical applicability of the proposed metrics. Low consensus may indicate
ambiguity, redundancy, or contextual variability that needs to be addressed before broader
adoption.

RQ2: Which metrics demonstrate strong consensus and high scores among experts, and
can thus be considered core indicators for API Gateway quality evaluation?

Identifying a prioritized set of validated metrics allows the construction of a focused,
reliable foundation for API Gateway quality assessment that aligns with expert expectations
and practical concerns.

RQ3: What categories of API management capabilities are mostly represented by the
validated metrics?

Mapping validated metrics to broader quality concerns clarifies coverage, highlights
gaps, and informs the development of a structured quality model tailored to the specific
needs of API Gateway evaluation.

RQ4: How can API Gateway quality metrics be classified based on expert ratings to
guide their adoption, review, or exclusion?

A systematic classification framework is needed to translate expert judgments into
actionable categories that support decision-making. By defining clear criteria for grouping
metrics, this classification can prioritize metrics for inclusion in quality models, identify
those requiring further review, and exclude unreliable or irrelevant measures.

Collectively, these four research questions address complementary aspects of metric
validation: RQ1 establishes the reliability baseline through consensus measurement; RQ2
identifies the validated core suitable for adoption; RQ3 ensures domain coverage by mapping
to established capability frameworks; and RQ4 provides a classification mechanism that
translates empirical findings into practical guidance. Answering all four RQs enables us to
achieve the overarching goal of establishing a robust, expert-validated foundation for API
Gateway quality assessment.10
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4.1. A Practice-Oriented Approach

The deliberate focus on metrics from deployed systems introduced in this work was
informed by findings from our prior SMS [6]. That study found that: most contributions
were categorized as technical implementations or specific solutions, often without grounding
in established software quality models; research generally did not explicitly utilize formal
quality models; and a notable absence of standardized, validated frameworks for API
Gateway quality assessment existed. Given this landscape, a practice-first approach was
methodologically motivated by:
1. Complementary evidence: The SMS [6] captured what researchers propose; [3] revealed

the practitioners perspective of quality requirements; and the platform analysis [9]
captured what practitioners implement. Together, these provide comprehensive coverage
of the domain.

2. Bridging the research-practice gap: validating operational metrics already deployed
ensures to create a pathway for integrating industry practice with academic quality
frameworks, addressing the gaps identified in [6].

3. Ecological validity: Metrics implemented in production platforms have demonstrated
feasibility, measurability, and perceived utility by platform developers and users across
diverse organizational contexts.

4. Operationalizability: Real-world metrics come with implicit or explicit measurement
procedures, reducing ambiguity about measurement implementation. It helps to mitigate
definitional inconsistencies.

4.2. Origin and Development of the Preliminary Metric Set

The 59 API Gateway software metrics evaluated in this study were systematically derived
through a comprehensive analysis of mainstream API Gateway platforms, as detailed in
our prior work [9]. This subsection describes the methodological approach used to ensure
the breadth and representativeness of the preliminary metric catalog.

The metric extraction process analyzed 68 API Gateway software offerings, selected to
represent the current market landscape comprehensively. The platform sample included
commercial enterprise solutions, open-source platforms, cloud-native gateways, and hybrid
and specialized solutions across various deployment models.

Platform selection was guided by three industry reports that catalog active API
management solutions: Gartner Magic Quadrant for API Management,1 Postman State of
API Report,2 and Apidays global API Landscape3. This triangulated approach ensured
coverage of both market leaders and emerging platforms, representing diverse architectural
patterns, target audiences, and operational contexts.

4.2.1. Metrics Extraction and Definition

Following the DSR [44] framework, the metric extraction process consisted of four systematic
phases.
1. Documentation Review: For each platform, official documentation was systematically

reviewed, including product documentation and technical specifications, monitoring
and observability guides, dashboard and reporting interface descriptions, API reference
documentation, and administrative console specifications. 11
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2. Metric Identification: Measures explicitly exposed, tracked, or reported by each platform
were cataloged. This included metrics available through built-in monitoring dashboards,
exported telemetry data, and logging and analytics features.

3. Standardization: Metrics with similar semantic meaning but different naming conven-
tions across platforms were consolidated.

4. Categorization: Metrics were organized according to established API management
capability frameworks [5, 22]. This categorization ensured that the metric set was
grounded in recognized API management concerns and aligned with both academic
research and industry practice.
For each identified metric, a formal definition was developed including: a metric code

and a human-readable, standardized identifier; a clear, operational description of what the
metric measures; and an associated category, derived from a set of seven capability-based
categories (API Performance, API Utilization, Caching, Errors, Latency and Response
Time, Resource Utilization, System Health, and Traffic Monitoring).

4.3. Sampling Technique and Data Manipulation

This work employed a survey methodology [11,12,45] aimed at validating a preliminary
catalog of 59 API Gateway software quality metrics [9] through expert judgment [10]. The
survey followed an exploratory approach based on the classification proposed by [46], which
focuses on using surveys to gather insights and assess the quality characteristics of software
management tools and practices. The objective of the survey was to evaluate the accuracy
and relevance of each proposed metric for assessing API Gateway quality, as perceived by
a select group of experts in the field.

This evaluation study [10] applied a purposive judgmental sampling scheme, specifically
expert sampling [47,48]. Expert sampling is a type of purposive sampling where participants
are intentionally selected for their recognized expertise in the field. This technique ensures
that the feedback is credible, informed by deep subject knowledge, and directly relevant to
the study’s objectives.

Sample size: Seven experts participated in this validation study (N = 7). This sample
size aligns with established practices for expert judgment studies in software engineering
[46,47], where small, purposively selected panels of 5–10 specialists are typical, providing
a manageable yet diverse set of opinions.

The selection aimed to balance theoretical perspectives with industry experience,
ensuring that the feedback would be rigorous and applicable to both academic research and
real-world practices. Experts were selected based on the following criteria: (1) recognized
contributions to API management research or practice (e.g., peer-reviewed publications,
book authorship, or platform development leadership), (2) minimum of three years of
professional experience with API technologies, and (3) current active engagement in
API-related work.

The survey was implemented using an online questionnaire platform, facilitating efficient
data capture and ensuring ease of access for the participants. The platform allowed
participants to submit responses and additional comments, providing both quantitative
and qualitative data. Then, survey responses were exported as CSV files.

Data preprocessing, statistical computation, and visualization, including the generation
of bar plots and distribution charts, were performed using RStudio (version 2025.05.1+513)
[49] and R (version 4.5.0) [50], leveraging the ggplot2 package (version 3.5.2) [51] for12
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plotting. Figures were incorporated to enhance interpretability of expert rating distributions
and consensus levels.

4.4. Survey Design

The survey instrument was designed to validate a catalog of 59 API Gateway quality
metrics proposed in earlier work [9]. It consisted of four primary sections: introduction,
demographic profiling, metric evaluation, and final feedback.

Introduction: As suggested by [12], this section provided context for the study, includ-
ing an overview of the research group, a summary of the previous work on the preliminary
catalog, and the objectives of the current validation effort. It also informed participants
the estimated completion time (approximately 15–20 minutes), and the intended use of the
responses in refining the catalog.

Demographic Information: This section gathered background data on participants,
including name and email (for contact if needed), current professional sphere, primary
role, years of experience, exposure to API technologies, and involvement in API-related
communities. This information supported the verification of participant expertise and
relevance to the API management domain.

Metric Assessment: The core of the survey consisted of an evaluation of 59 metrics,
summarized in Appendix A. For each metric, respondents were shown the metric’s name,
definition, and category based on API management capabilities, as outlined in [5, 22].
Participants rated each metric using a five-point Likert scale (1 = Strongly Disagree (SD)
to 5 = Strongly Agree (SA)) across two dimensions: (i) Accuracy — the extent to which
the metric definition was understandable, and (ii) Relevance — the perceived importance
of the metric for assessing API Gateway quality. Radio buttons were used to encourage
intentional responses and minimize accidental selections.

The question format is illustrated in Table 1 and an example question is provided in
Table 2.

Table 1: Survey question structure.

Metric Descriptor: Text. Contains the metric code and metric name.
Definition: Text. Brief definition of the metric.
Category: Text. Based on API Management capability.

Ratings
Criteria SD D NAD A SA
Accuracy: this metric is well-defined.
Relevance: this metric is relevant.

The complete survey instrument, including all instructions, demographic questions,
and the 59 metric evaluation items, was implemented using Google Forms. A PDF export
of the complete survey showing all questions, definitions, rating scales, and instructions
exactly as presented to participants is publicly available (see Data Availability section).

Final Feedback: The survey concluded with an open-ended question soliciting general
comments, suggestions, or observations from participants. This provided an opportunity for
qualitative insights regarding the catalog content, clarity of definitions, coverage breadth,
and any potential omissions.

In total, each participant was asked to complete 126 responses. The survey was made
available from May 31 to June 21, 2025, providing a three-week period for participation. 13
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Table 2: Example metric evaluation question.

Metric Descriptor:
AU.1.1 Active Inbound Data

Definition:
The total volume of inbound data currently being processed by the API Gateway. Reflects the real-time
data received from clients.

Category:
API Utilization Metrics (AU).

SD D NAD A SA
Accuracy: this metric is well-defined.
Relevance: this metric is relevant.

This timeframe was selected to offer respondents sufficient flexibility and time to complete
the questionnaire at their convenience.

4.5. Statistical Analysis of Expert Ratings

To assess the inter-reliability and internal consistency of expert evaluations, a multi-method
statistical validation strategy was adopted, following the principles outlined in [12,52], as
detailed as follows.

Descriptive Analysis and Visualization: A preliminary analysis was performed to
examine the distribution of responses, identify potential outliers, and detect patterns of
agreement or divergence between accuracy and relevance assessments. Visualization tools
supported the initial interpretation of score dispersion and item-level trends.

Exact Agreement Count: For each metric, the number of identical responses across
raters was computed, providing a direct measure of consensus. This allowed metrics with
high or low rating uniformity to be identified.

Analysis of Variance: A one-way ANOVA [53] was applied to determine whether
significant differences existed in ratings across metrics. This tested the null hypothesis
that all items were evaluated similarly. Where significant results were observed, Tukey’s
Honestly Significant Difference (HSD) [54] post-hoc test was used to identify which pairs
of metrics differed significantly.

Kendall’s Coefficient of Concordance (W) [55]: This non-parametric statistic
was used to measure the overall level of agreement among raters. Given the ordinal nature
of the Likert-scale data, Kendall’s W provided an appropriate indicator of consensus across
all experts for both accuracy and relevance dimensions.

Internal Consistency: To assess whether the metric evaluations consistently reflected
underlying constructs, Cronbach’s alpha[56] was calculated. Values closer to 1.0 indicate
high internal consistency.

Inter-Rater Reliability: Fleiss’ Kappa [57] was computed to evaluate the extent
of agreement beyond chance across multiple raters for categorical Likert-scale responses.
This complemented Kendall’s W by offering a more conservative measure that accounts for
probability of random agreement.

The selected statistical techniques were chosen to comprehensively assess the reliability,
consistency, and interpretability of the expert evaluations, particularly given the ordinal
nature of the data and the small sample size typical of expert judgment studies.14
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4.6. Tier-Based Classification of Metrics

To support selection of a refined and robust set of evaluation metrics, a tier-based classifi-
cation scheme is proposed. It integrates both the central tendency and variability of expert
ratings. The algorithm (see Algorithm 1) systematically categorizes each metric based on
its mean and standard deviation values for both accuracy and relevance.

This approach balances two critical dimensions:
1. Rating Quality (mean): Higher average scores reflect stronger expert endorsement of

the metric’s effectiveness and relevance.
2. Rating Consistency (standard deviation): Lower variability indicates greater agreement

among raters and stronger interpretative cohesion.
The algorithm was implemented in R and applied to each metric in the dataset,

classifying metrics into one of three mutually exclusive tiers:
Tier 1 – Core Metrics: Metrics that meet stringent quality and consistency thresholds.

These include metrics with exceptionally high relevance (mean ≥ 4.25), or those with
above-average accuracy (≥ 3.66) and relevance (≥ 4.0), combined with low variability (SD
≤ 1.0 for accuracy and ≤ 0.89 for relevance). These metrics represent the most reliable
and well-supported items.

Tier 2 – Moderate-agreement Metrics: Metrics that demonstrate generally positive
evaluations but fall short of Tier 1 criteria. These items show acceptable accuracy and
relevance with moderate variability and may be candidates for further refinement or
contextual validation.

Tier 3 – Low-agreement Metrics: Metrics characterized by low perceived quality (mean
< 3.0 for either dimension) or high disagreement among experts (SD > 1.2 for accuracy or
relevance). These items are flagged as potentially unreliable or inconsistent and are less
suitable for continued use without revision.

Algorithm 1 Tier-Based Classification Scheme of Metrics
1: for each row in metrics_summary do
2: aµ ← accuracy_mean
3: aσ ← accuracy_sd
4: rµ ← relevance_mean
5: rσ ← relevance_sd
6: if rµ ≥ 4.25 then
7: assign Tier ← “Tier 1: Core metrics”
8: else if aµ ≥ 3.66 and rµ ≥ 4.0 and aσ ≤ 1.0 and rσ ≤ 0.89 then
9: assign Tier ← “Tier 1: Core metrics”

10: else if aµ < 3.0 or rµ < 3.0 or aσ > 1.2 or rσ > 1.2 then
11: assign Tier ← “Tier 3: Low-agreement metrics”
12: else
13: assign Tier ← “Tier 2: Moderate-agreement metrics”
14: end if
15: end for

This tiered structure facilitates evidence-based metric selection by distinguishing
high-confidence metrics from those requiring further scrutiny. 15
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5. Findings

5.1. Population Characterization

In total, seven participants took part in the study. The initial part of the survey aimed to
profile the respondents, offering context for interpreting their perspectives. This characteri-
zation included institutional affiliation, professional roles, experience in the field, familiarity
with relevant technologies, and engagement with the API-related community.

All participants met predefined expertise criteria, including recognized contributions to
the API management domain, substantial professional experience with API technologies,
and active participation in API development, research, or platform implementation. Pro-
fessional affiliation, years of experience, and community involvement are shown in Figure 1
and summarized below.

Professional Affiliation: Participants came from a mix of sectors including academia,
private industry, and the public sector. The sample reflects a balanced representation
between academic and corporate environments (three participants each), with more limited
input from government organizations (one participant).

Years of Experience: Participants demonstrated considerable API expertise across
varying career stages. As illustrated in Figure 1a, five participants (71%) reported 10 or
more years of API-related experience, one participant (14%) reported 7-10 years, and
one participant (14%) reported 3 years of experience. This distribution indicates that
expert evaluations were predominantly provided by senior professionals with extensive
accumulated knowledge in the API domain, while still maintaining the minimum expertise
threshold of 3 years for all participants.

Community Engagement: Figure 1b shows that most respondents have at least
some involvement in API-related communities, events, or open-source projects, though
active engagement is relatively rare. This suggests a group that is technically experienced,
but more selectively engaged in community-oriented activities.

Professional Roles: Respondents were asked to identify their primary roles in
API-related work; multiple selections were allowed. Figure 2a shows a concentration
in academic and technical leadership positions, as well as developer roles. This indicates
that the surveyed group brings a combination of hands-on technical experience and strategic
oversight.

API Technologies and Tools: Participants reported extensive hands-on experience
with a wide range of API technologies. As depicted in Figure 2b, REST APIs, Ope-
nAPI/Swagger, and Postman stood out as the most consistently used tools. The data
also reflect notable use of legacy protocols like SOAP/XML and growing adoption of
cloud-native and CI/CD-oriented practices.

Professional roles and API-related expertise can be seen next in Figure 2.

5.2. Expert Ratings

This section presents a comprehensive overview of expert ratings across the metrics based
on two assessed criteria: accuracy and relevance.

Figure 3 displays the concordance per item. Each bar shows the maximum number of
experts who assigned the same rating to a metric’s accuracy (3a) and relevance (b).16
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(a) Years of API Experience

(b) Involvement in API Communities

Figure 1: Professional background and community engagement of the respondents.

Overall, expert agreement was moderate. The most common level of concordance ranged
between three and four experts assigning the same rating for both accuracy and relevance.

Figure 4 illustrates the distribution of ratings given by each expert. The rating dis-
tribution per expert showed no strong bias from any individual rater for both accuracy 17
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(a) Primary Roles

(b) API Technologies and Tools

Figure 2: Professional roles and API-related tools expertise of specialists.

18
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(a) Metrics accuracy. (b) Metrics relevance.

Figure 3: Expert concordance per metric.

(4a) and relevance (4b) criteria. Some experts used the full Likert-scale range, while others
gravitated toward middle and upper ratings, indicating slight variation in interpretive
thresholds.

(a) Accuracy ratings for each expert. (b) Relevance ratings for each expert.

Figure 4: Overview of Experts ratings’ distribution.

Finally, Figure 5 depicts how ratings were distributed across individual metrics.
Metric-level rating distributions (subfigures 5a and 5b) revealed that experts generally
evaluated the metrics favorably, particularly in terms of relevance (5b). The most common
response was “Agree”, followed by “Strongly Agree”. No “Strongly Disagree” responses
were given for relevance, but a few appeared under accuracy (5a), suggesting that while
most metrics were seen as useful, some definitions may need refinement. 19
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(a) Accuracy ratings distribution for each metric.

(b) Relevance ratings distribution for each metric.

Figure 5: Overview of metrics scores distribution.
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These observed patterns in expert behavior reinforced the need for further analysis of
inter-rater consensus using statistical methods suggested in the literature. The analysis
conducted in this work is described in the following section.

5.3. Statistical Validation

A multi-method statistical analysis was conducted to assess inter-rater agreement. Table 3
summarizes the main indicators. Descriptive statistics of metrics accuracy and relevance
ratings can be seen in Appendices B and C, respectively.

Table 3: Summary of Inter-Rater Agreement Statistics over Metrics

Statistic Accuracy ratings Relevance ratings

ANOVA [53] F (6, 406) = 12.49, p < 0.001 F (6, 406) = 39.9, p < 0.001
Cronbach’s Alpha [56] α = 0.57 (CI: 0.37–0.72) α = 0.33 (CI: 0.03–0.56)
Kendall’s W [55] W = 0.0814, p = 0.997 W = 0.0661, p = 1.000
Fleiss’ Kappa [57] κ = −0.0393, p = 0.0221 κ = −0.0389, p = 0.0338

The results revealed low to moderate levels of inter-rater agreement. Cronbach’s alpha
showed moderate internal consistency for accuracy but low reliability for relevance. Kendall’s
W and Fleiss’ Kappa suggested low or even sub-chance agreement in both dimensions.

ANOVA tests confirmed statistically significant differences in expert scoring. This led
to performing Tukey’s HSD post hoc tests to identify specific differences in expert scoring
behavior across metrics. Figure 6 summarizes the Appendix D as two subfigures, each
corresponding to one evaluation criterion, namely accuracy and relevance.

Regarding accuracy (Figure 6a), significant differences were found between several
expert pairs. Specifically, experts E2, E3, E5, E6 and E7 each differed significantly from
E1 (p < 0.05), with E6–E1 showing the largest mean difference (∆ = −1.47, p < 0.0001).
Additionally, E6 differed significantly from E3, E4, and E5, and E7 differed from E6. These
results suggest that E1 generally gave higher ratings than most others, with E6 showing
the lowest relative values.

In contrast, the second Tukey test (6b) revealed that experts E6 and E7 had significantly
higher scores than most others. E6 differed significantly from E1, E2, E3, and E4 (p < 0.001),
and E7 differed from all groups except E6, with a maximum mean difference of 1.59 over
E2. Notably, E5 showed significantly lower values than E3 and E4, but did not differ
significantly from E1 or E2.

5.4. The Core Metrics set

Based on the expert assessment, Table 4 presents the definitions of 24 core metrics.
Importantly, names and definitions were refined in response to feedback, as specialists
remarked on the need for adopting consistent naming conventions and comprehensive
descriptions.

21
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(a) Metrics accuracy Tukey’s HSD. (b) Metrics relevance Tukey’s HSD.

Figure 6: Tukey’s HSD multiple comparisons of rating means between experts.
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Table 4: API Gateway Core Metrics set

Code Human-readable name Description

AP.2.1 Successful Response Rate Percentage of API responses with HTTP 2xx status codes relative to the total number of API
requests during a specified time period.

AP.2.2 Successful Request Count Total number of API requests that resulted in successful responses (HTTP 2xx status codes)
during a specified time period.

AP.4.1 Request Throughput Number of API requests processed per second (or defined time unit) by the API Gateway.
ER.1.1 Total Error Count Total number of failed API requests (HTTP 4xx and 5xx status codes) recorded during a specified

time period.
ER.1.2 Overall Error Rate Percentage of failed API requests (HTTP 4xx and 5xx status codes) relative to the total number

of API requests during a specified time period.
ER.2.1 Client Error Count Total number of client-side errors (HTTP 4xx status codes) recorded during a specified time

period.
ER.3.2 Server Error Rate Percentage of server-side errors (HTTP 5xx status codes) relative to the total number of API

requests during a specified time period.
ER.4.2 Exception Count Total number of API requests that encountered unexpected conditions or exceptions during

processing, regardless of HTTP status code.
ER.4.3 Authentication Error Count Total number of authentication-related failures during a specified time period, including invalid

credentials, expired tokens, missing authentication headers, and authorization failures.
RT.1.1 Internal Processing Time Time spent by the API Gateway processing requests internally, including routing, plugin execution,

and request transformation.
RT.2.1 Total Response Time Complete end-to-end response time from when the API Gateway receives a request until it

returns a response to the client, including both gateway processing time and upstream service
response time.

RT.2.2 Maximum Response Time Highest observed response time for any API request during a specified time period.
RT.2.4 Response Time Standard Deviation Statistical measure of response time variability, indicating the consistency of API performance.
RU.3.1 Average Memory Usage (Last Hour) Average memory consumption by the API Gateway instance over the past hour, measured in

bytes or percentage of available memory.
RU.3.2 Maximum Memory Usage Peak memory utilization observed by the API Gateway instance during its operational period.
RU.3.3 Node Memory Usage Memory consumption per individual API Gateway node in a distributed or clustered deployment.
SH.2.1 Upstream Health Status Operational status indicator for upstream services and backend systems, typically represented as

healthy, degraded, or unavailable.
TM.1.1 Total API Count Total number of individual APIs deployed and actively managed within the API Gateway

platform.
TM.1.2 Total Product Count Total number of API products or bundles configured in the API Gateway, where each product

may contain multiple APIs with associated usage plans, rate limits, and access policies.
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Table 4: API Gateway Core Metrics set

Code Human-readable name Description

TM.1.3 Total Request Count Total number of API requests received and processed by the API Gateway during a specified
time period, regardless of success or failure status.

TM.2.1 Total Data Volume Combined volume of data transferred through the API Gateway during a specified time period,
including both inbound requests and outbound responses.

TM.2.2 Inbound Data Volume Total volume of data received by the API Gateway from clients during a specified time period,
including request headers, body content, and metadata.

TM.2.3 Outbound Data Volume Total volume of data transmitted from the API Gateway to clients during a specified time period,
including response headers, body content, and metadata.

TM.3.1 Throttling Error Count Number of API requests rejected due to exceeding configured rate limits, quota restrictions, or
throttling policies.

24
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6. Discussion

The need for a formal, expert-validated, metrics-based quality model for API Management
has been emphasized by recent work [6, 9], which identified fragmentation in existing
research and a lack of standardized quality evaluation frameworks. Our study directly
addressed this gap by providing a set of metrics, empirically validated by expert judgment.
This section interprets the findings from each research question, synthesizes cross-cutting
themes, and discusses their practical, theoretical, and methodological implications.

6.1. Interpretation of Research Questions

6.1.1. RQ1: Expert Agreement Levels

RQ1 asked: To what extent do domain experts agree on the accuracy and
relevance of existing API Gateway quality metrics?

The statistical analysis (Subsection 5.3, Table 3) revealed low to moderate inter-rater
agreement. However, this apparent lack of consensus requires careful interpretation in light
of the study’s deliberate sampling strategy. The expert panel was intentionally composed
of diverse profiles spanning academia and industry, ranging from emerging to highly senior
professionals (3 to more than 10 years), and representing varied organizational contexts.
This heterogeneity was a methodological design choice aimed at ensuring the validated
metrics would be applicable across diverse API Gateway deployment scenarios rather than
reflecting a narrow, context-specific perspective.

Given this intentional diversity, the observed inter-rater variability reflects two distinct
phenomena. First, legitimate perspective diversity: Experts from different backgrounds may
appropriately weight accuracy and relevance differently based on their operational contexts.
For example, an enterprise architect managing cloud-native deployments may prioritize
different metric characteristics than a researcher focusing on quality model formalization.
The concordance analysis (Figure 3) supports this interpretation: most metrics had 3–4
experts assigning the same rating, indicating moderate practical consensus within
subgroups despite low overall statistical coefficients.

Second, scale interpretation differences: Distribution analysis (Figures 4 and 5) showed
that experts generally evaluated metrics favorably, particularly for relevance, where “Agree”
and “Strongly agree” dominated responses. The ANOVA results (F (6, 406) = 12.49 and
F (6, 406) = 39.9, p < 0.001) and Tukey’s HSD post hoc tests (Figure 6) revealed that
some experts (e.g., E6 and E7) consistently used higher ratings while maintaining similar
relative rankings of metrics. This suggests differences in how individuals use Likert scales
rather than fundamental disagreement about metric value.

Importantly, this variability should not be interpreted as validation failure. Rather, it
demonstrates that the expert panel successfully captured the heterogeneity of real-world
API Gateway stakeholders. The tier-based classification (RQ4) was specifically designed
to handle this diversity by identifying metrics with robust agreement despite varied
perspectives (Tier 1), while flagging those requiring context-specific refinement (Tiers 2
and 3). 25
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6.1.2. RQ2: Core Metrics Identification

RQ2 asked: Which metrics demonstrate strong consensus and high scores
among experts, and can thus be considered core indicators?

Despite moderate overall agreement, the tier-based classification algorithm (Algorithm 1)
successfully identified 24 core metrics (Tier 1) that met stringent quality and consistency
thresholds. These metrics demonstrated either exceptionally high relevance (mean ≥ 4.25)
or combined above-average accuracy (≥ 3.66) and relevance (≥ 4.0) with low variability
(SD ≤ 1.0 for accuracy and ≤ 0.89 for relevance).

The core set spans all major capability categories: Errors (9 metrics), Traffic Moni-
toring (7 metrics), Latency and Response Time (4 metrics), Resource Utilization
(3 metrics), and System Health (1 metric). Notably, error-related metrics (ER.x codes)
received the highest combined accuracy and relevance scores, with metrics such as ER.1.2
(Overall Error Rate) and ER.2.1 (Client Error Count) achieving means above 4.4 with
standard deviations below 0.54.

This finding directly addresses a practical need: operational metrics that experts
unanimously recognize as essential can serve as a validated foundation for quality
assessment frameworks. The 24 core metrics represent the intersection of theoretical impor-
tance and practical feasibility, as they are both expert-endorsed and already implemented
in production systems [9].

6.1.3. RQ3: Capability Coverage

RQ3 asked: What categories of API management capabilities are mostly repre-
sented by the validated metrics?

The core metrics set (Table 4) demonstrates comprehensive coverage across key
API Gateway concerns, with particularly strong representation in areas aligned with
practitioner priorities identified in [3]:
– Error handling and reliability (9 metrics): total error counts, error rates by type

(client/server), authentication failures, and exceptions. This aligns with reliability being
consistently prioritized by practitioners.

– Traffic monitoring and functional suitability (7 metrics): API counts, request
volumes, data transfers, and throttling. These support functional suitability assessment
by tracking what the gateway actually processes.

– Performance efficiency (4 metrics): response times, processing latencies, and perfor-
mance variability. Directly addresses performance efficiency, another top practitioner
priority.

– Resource utilization (3 metrics): memory usage patterns across deployment configu-
rations. Essential for operational efficiency and scalability assessment.

– System health (1 metric): upstream service status monitoring.
Notably absent from Tier 1 are Caching and API Utilization metrics, which showed

lower consensus. This gap may reflect variability in how organizations implement caching
strategies or the context-dependent nature of utilization thresholds.

The coverage pattern validates the practice-oriented approach: validated metrics con-
centrate in areas where both academic research [6] and practitioner concerns [3]
converge – namely, performance efficiency, reliability, and functional suitability.26

https://www.e-informatyka.pl/EISEJ/papers/2026/1/6/


This article has been accepted for publication in e-Informatica Software Engineering Journal (EISEJ).
This is the author’s version wich has not been fully edited and content may change prior to final publication.

Citation information: DOI 10.37190/e-Inf260106

dos Santos et al. e-Informatica Software Engineering Journal, 20 (2026), 260106

6.1.4. RQ4: Classification Framework

RQ4 asked: How can API Gateway quality metrics be classified based on expert
ratings to guide their adoption, review, or exclusion?

The tier-based classification (Algorithm 1) successfully translated mixed expert assess-
ments into actionable categories:
– Tier 1 (24 metrics, 41%): ready for immediate adoption in quality models, dashboards,

and SLA definitions. High scores with low variability indicate robust expert endorsement.
– Tier 2 (moderate-agreement metrics): candidates for definitional refinement. These

metrics address relevant concerns but require improved clarity or contextual framing.
– Tier 3 (low-agreement metrics): flagged for revision or exclusion. Many involved

percentile-based indicators (e.g., RT.1.2–RT.1.4: IPT percentiles) or compound con-
structs that experts found ambiguous.
This classification mechanism provides decision support guidance for multiple

stakeholder groups: researchers can prioritize Tier 1 metrics in quality models; platform
developers can focus implementation efforts on high-consensus measures; and practitioners
gain clarity about which metrics warrant investment in monitoring infrastructure.

Importantly, the framework is iterative: Tier 2 and 3 metrics can be refined and
re-evaluated, creating a pathway for continuous improvement of the metric catalog.

6.2. Synthesis and Cross-Cutting Themes

Having interpreted each research question individually, several cross-cutting themes emerge
that illuminate the broader validation challenge.

Rating Asymmetry: in all RQs, relevance scores consistently exceeded accuracy
scores (Figures 5a vs. 5b). This asymmetry reveals that experts agree on what should be
measured, but disagree on how clearly it is defined. Multiple experts noted that “all metrics
may be relevant,” yet accuracy ratings varied significantly (Section 5.3). This suggests
the catalog captured the right concepts but requires semantic refinement – a finding that
directly motivates the implications discussed below.

Interpretive Variability as Diagnostic Signal: The low agreement coefficients
(RQ1) should not be interpreted as validation failure. Rather, they reflect the field’s evolving
maturity in API Gateway quality assessment. Given the novelty and diversity of deployment
patterns, strong consensus on metric priorities does not yet exist. Expert divergence thus
serves as a diagnostic indicator: it identifies metrics needing contextual framing (Tier 2)
versus those with broad agreement (Tier 1).

Convergence with Prior Research: The capability coverage patterns (RQ3) and core
metrics identified (RQ2) align remarkably with findings from our previous studies. The SMS
[6] identified performance efficiency, reliability, and functional suitability as most-addressed
attributes. The practitioners’ survey [3] confirmed these as top priorities. The platform
analysis [9] showed most implementations focus on throughput, latency, and error tracking.
The current validation study reinforces this convergence: Tier 1 metrics concentrate precisely
in these areas, providing strong triangulated evidence for their centrality to API Gateway
quality.

In an effort to improve the preliminary catalog assessed in this paper, the evaluation
process enabled the extraction of a high-confidence subset of metrics suitable for immediate
adoption, while identifying others in need of refinement. The tier-based classification served
as a constructive lens through which to interpret mixed expert assessments. Rather than 27
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enforcing a strict inclusion/exclusion boundary, the proposed structure enabled a more
nuanced prioritization, by identifying metrics that are already robust (Tier 1), potentially
useful but needing refinement (Tier 2), and those not yet ready for adoption (Tier 3).

Interestingly, many Tier 3 metrics involved percentile-based indicators or compound
constructs. These are often seen in modern observability tools but may require contextual
framing – if the system is considered “as a whole,” as some experts noted – or improved
phrasing to be uniformly understood by diverse evaluators. Lower scores may reflect this
interpretive challenge rather than a lack of utility per se.

For Tier 2 metrics, refinement is warranted. This may include improving wording,
providing contextual examples, or offering visualizations to support interpretation. Iterative
validation, possibly with practitioner feedback or scenario-based calibration, could improve
consensus.

From a practical standpoint, the Tier 1 catalog can serve as a ready-to-adopt artifact
for API Gateway operators and tool developers, among other roles. These metrics offer
validated indicators that align with expert expectations and observed best practices,
supporting immediate integration into dashboards, alert systems, Service Level Indicators
(SLI), and Service Level Agreement (SLA) implementation.

Although 59 proposed metrics were initially comprised, the refined Tier 1 set is still
broader and more comprehensive than what most mainstream API Gateway products
currently provide. According to the quantitative analysis performed in our previous work
[9], most commercial and open-source API Gateway platforms expose between 8 and 20
metrics, typically focused on throughput, latency, and error tracking. This highlighted the
added value of the current validation effort, which consolidates expert consensus while
advancing beyond the limited operational visibility offered by typical platforms.

6.3. Practical and Theoretical Implications

The findings from RQ1–RQ4 give rise to several practical and theoretical implications for
API Gateway quality assessment:

Semantic Clarity as a Design Imperative: The rating asymmetry identified in
RQ1 (high relevance, variable accuracy) directly demonstrates that ambiguity in metric
definitions erodes consensus even when concepts are recognized as important. For example,
percentile-based metrics (RT.1.2–RT.1.4, classified as Tier 3) received lower accuracy scores
despite measuring conceptually relevant constructs. This empirical finding underscores
that metric definitions must be unambiguous, operational, and supported by measurement
context to achieve widespread adoption in diverse enterprise settings.

Diversity as Validation Strength: The moderate inter-rater agreement observed
in this study should be contextualized within the deliberate expert selection strategy.
High agreement among homogeneous experts would indicate narrow applicability, while
moderate agreement among diverse experts suggests the validated metrics address concerns
across varied organizational contexts. This heterogeneity strengthens the external validity
of the core metrics set: the 24 Tier 1 metrics achieved consensus despite panel diversity,
indicating they represent genuinely universal API Gateway quality concerns rather than
context-specific preferences. Future validation studies should consider panel composition
as a tunable parameter: homogeneous panels for context-specific metrics, heterogeneous
panels for general-purpose frameworks.

This study also underscores the limitations of expert-based validation studies. While
expert judgment is indispensable in the early stages of metric validation, its effective-28
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ness improves substantially when combined with rater training, controlled scenarios, or
complementary quantitative validation.

Furthermore, the variability observed here reflects the field’s evolving maturity. Given
the novelty and flexibility of API Gateway deployments, strong consensus on metric
priorities may not yet exist. In this light, expert divergence is not a failure but a diagnostic
signal: a call for contextualized metrics that adapt to organizational needs rather than
a one-size-fits-all solution.

Another important consideration emerging from both prior literature and expert feed-
back is the role of metric metadata in ensuring understanding, re-utilization, integration,
and automation. In this sense, as argued in [58], including such metadata can mitigate
inconsistent or erroneous interpretations in metrics analysis.

6.4. Methodological Implications

The methodological approach employed in this study – integrating multiple evidence sources
through a practice-oriented validation strategy – yielded insights beyond the specific metrics
validated:

The methodological approach introduced in this paper reflects a deliberate research
strategy that integrates multiple evidence sources to address the API Gateway quality
assessment gap comprehensively. The convergence across four complementary studies
strengthens confidence in the resulting validated core metrics set:
– SMS [6] documented what research says about API management quality by identifying

practices, capabilities, research methods, and outcomes, while revealing fragmentation
and absent formal frameworks.

– Practitioners’ survey [3] captured what users prioritize, revealing that functional suit-
ability, performance efficiency, reliability, and security are consistently highlighted as
most critical – reinforcing the overlap between academic focus and practitioner needs.

– Platform analysis [9] revealed what is actually measured in production environments
across 68 diverse implementations, with most platforms exposing 8–20 metrics focused
on throughput, latency, and error tracking.

– Expert validation (current study) determined what domain experts consider both
accurate and relevant, yielding 24 high-confidence core metrics organized in seven
capability-based categories.
The remarkable convergence on performance efficiency, reliability, and functional suit-

ability across all four perspectives provides strong validity evidence. This demonstrates
that our core metrics address concerns that are simultaneously theoretically recognized
in academic research, prioritized by practitioners in operational contexts, implemented in
real-world platforms, and endorsed by domain experts.

This four-way validation significantly strengthens confidence in the resulting catalog as
a foundation for standardization and enables bidirectional knowledge transfer:
– From practice to research: The validated catalog informs future quality model

development with proven, measurable constructs that have demonstrated feasibility in
production environments.

– From research to practice: Expert validation (including academic perspectives)
elevates ad-hoc industry metrics to theoretically informed standards, providing the
rigor necessary for formal standardization efforts.
The practice-oriented approach for the validation phase proved methodologically sound

for several reasons that became evident through the validation process: 29
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First, experts evaluated operational metrics more consistently when those metrics
reflected actual implementation patterns. Although inter-rater agreement was moderate
overall (Section 5.3), experts recognized these metrics as addressing genuine operational
concerns, as evidenced by generally high relevance scores (Figure 5b). Several experts
noted that the metrics reflected “what we actually monitor in production,” suggesting that
grounding in real-world practice aided expert assessment.

Second, the variability in accuracy ratings (Section 5.3) revealed that even operational-
ized metrics benefit from definitional refinement. Had we included purely theoretical metrics
without implementation precedent, agreement might have been even lower, as experts
would lack shared reference points for interpretation. The practice-grounded approach
provided a common foundation for evaluation.

Third, the finding that the proposed core metrics set is broader and more comprehensive
than what most mainstream API Gateway products currently provide validates the synthesis
approach: by aggregating metrics across 68 platforms, we identified a richer measurement
space than any single platform exposes. This demonstrates the value of systematic analysis
over reliance on any particular product’s metric set.

7. Threats to Validity

7.1. Construct validity

To mitigate ambiguity, all experts received a common set of definitions and instructions.
The questionnaire was reviewed and refined by two authors prior to deployment. Accuracy
and relevance were evaluated using standardized five-point Likert scales, and concise
operational definitions were provided for both criteria. However, some metric descriptions
may still have included terminology open to multiple interpretations, especially in the
absence of domain-specific calibration or contextual examples.

No rater calibration session or shared interpretation workshop was conducted before or
after the evaluation, potentially allowing diverging understandings of the criteria. Future
replications should consider including a calibration phase to improve consistency.

Although expert feedback was based on clearly defined Likert scales (1 to 5), and
criteria definitions were provided, the absence of fully specified metric metadata (e.g.,
scope, temporal constraints, or measurement conditions) may have affected how consistently
experts interpreted some metrics — an issue previously highlighted [58] as critical for
robust evaluation processes.

7.2. Internal Validity

Experts were selected through formal invitations based on predefined criteria: authorship of
widely cited research, leadership in API-related communities, and authorship of influential
books. The deliberate inclusion of diverse profiles (academia, industry, public sector; varying
experience levels; different organizational contexts) was a methodological design choice to
mitigate selection bias and ensure broad applicability of validated metrics.

While this heterogeneity may contribute to lower statistical agreement coefficients, it
strengthens the ecological validity of findings by capturing real-world stakeholder diversity.30
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The trade-off between consensus (favoring homogeneous panels) and generalizability (favor-
ing heterogeneous panels) was intentionally resolved in favor of the latter, consistent with
the study’s goal of developing general-purpose quality metrics rather than context-specific
solutions.

In particular, the study deliberately excluded API Gateway developers to avoid eval-
uation bias tied to specific implementations. However, this exclusion may have omitted
valuable operational insights.

Additionally, the evaluation was not anonymized — participants were asked to provide
contact information for potential follow-up. Although identities were not considered during
analysis, the lack of full anonymity could introduce minor social desirability bias. No such
effects were observed, and rating distributions suggest a diversity of perspectives.

7.3. External validity

This study aimed to validate metrics applicable across varied API Gateway architectures, in-
cluding cloud-native and enterprise-grade environments. The expert panel was intentionally
diverse in academic and industry backgrounds, as well as in geographic representation, to
increase the generalizability of results. Nonetheless, the inherent variability of API Gateway
deployments and organizational contexts presents a challenge to universal applicability.

To enhance external validity, the metric set evaluated in this study was derived from
real-world implementations analyzed in prior work [9]. This grounding in practical usage
data complements the expert assessments and increases the likelihood that the validated
metrics are broadly relevant.

7.4. Conclusion Validity

The statistical analyses indicated low agreement among raters. These results reflect the
known difficulty of achieving consensus in expert-based evaluations. Nonetheless, the
adoption of a tiered classification algorithm allowed us to convert variability into actionable
categorization — balancing mean scores with standard deviation to identify Core, Promising,
and Low-Agreement metrics. This approach mitigated the threat posed by low agreement
and provided a structured path for metric refinement and prioritization.

7.5. Study Limitations

Beyond the methodological validity concerns discussed above, this study has several inherent
limitations that should be considered when interpreting and applying the findings:

Sample Size and Generalizability: While seven experts represent an adequate
sample for judgment studies, the relatively small panel limits statistical power and may not
capture the full diversity of perspectives across the global API management community.
The findings reflect expert consensus within this specific group and may not generalize to
all organizational contexts or emerging API Gateway paradigms.

Temporal Scope: The metric catalog was derived from platforms analyzed in 2024–2025.
As API Gateway technologies and operational practices evolve, new metrics may emerge and
current metrics may become obsolete or require redefinition. The validated set should be
viewed as a snapshot of contemporary best practices rather than a permanent, unchanging
standard. 31
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Practical Validation Absence: This study validates metrics through expert judgment
but does not include empirical testing in operational environments. The metrics’ actual
predictive validity—their ability to correlate with real system failures, performance issues,
or user satisfaction—remains to be demonstrated through field studies.

Metric Definition Granularity: While the study validates metric concepts and
relevance, it does not specify complete measurement procedures, including data collection
methods, aggregation rules, threshold values, or temporal windows. Research and organiza-
tions implementing these metrics will need to operationalize these details based on their
specific contexts.

Coverage Gaps: The catalog focuses on metrics actually deployed in existing platforms,
potentially overlooking theoretically important but not yet implemented quality aspects.
Novel quality concerns emerging from new architectural patterns (e.g., service mesh
integration, serverless gateways) may not be adequately represented.

These limitations suggest directions for future research, including larger-scale validation
studies, longitudinal tracking of metric evolution, and field deployment studies.

8. Concluding Remarks and Future Work

By combining practical definitions, expert judgment, and a tiered classification mechanism,
this study proposes a validated and categorized set of API Gateway quality metrics,
grounded in expert evaluation and aligned with both academic and practitioner perspectives.
The resulting classification represents a significant advancement toward the standardization
of observability-based quality assessment in the API Management field.

The statistical techniques employed during this research were chosen to comprehensively
assess the inter-reliability, internal consistency, and interpretability of the expert evaluations,
particularly given the ordinal nature of the data and the small sample size typical of expert
judgment studies. In this sense, variability in expert judgment should not be viewed solely
as a limitation, but as a reflection of the heterogeneity during expert judgment studies.

The insights provided by the expert panel reflected diverse perspectives from both
academia and industry, which added credibility and depth to the findings. Importantly,
results reinforced the need for semantic clarity and contextual adaptability in metric design.
Experts acknowledged that relevance often depends on implementation scenarios.

While statistical methods guided the consensus analysis, this work also explored practical
strategies to translate expert feedback into concrete catalog improvements: thus, metrics
were classified under three different tiers, and a set of 24 core metrics was outlined. This
validated subset of metrics contributes to bridge the gap between metric adoption in
real-world platforms and their theoretical grounding in software quality models. The
validation effort not only confirms the feasibility of metric-based assessment but also
expands the operational scope beyond what is typically available in current API Gateway
offerings in the industry.

Several research directions can build upon the findings of this study.
First, a key next step is to consolidate the validated metrics into a formal quality

model tailored to API Gateway systems. This model should: (i) Offer a multi-perspective
structure encompassing quantitative, operational, and conceptual views of quality. (ii)
Include a complete and standardized metadata specification to describe each metric,
including its definition, interpretation guidance, aggregation rules, thresholds, scope, and32
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implementation considerations. (iii) Link metrics to higher-level software product quality
attributes, enabling traceability between observed values and desired system properties.

Second, some Tier 2 and Tier 3 metrics may still offer potential value if reformulated.
Further rounds of validation—potentially using Delphi methods, group interpretation
workshops, or scenario-based rating—could improve definitions and agreement levels.

Third, the core metrics (Tier 1) set establishes a ready-to-use artifact which can be
deployed into monitoring tools, dashboards, or observability platforms. Prototypes or
reference implementations can test their effectiveness in conveying quality insights, guiding
operations, and supporting decision making.

Finally, future studies should apply the validated metrics in real operational environ-
ments (e.g., enterprise or cloud-native gateways) to evaluate: (i) Their correlation with
actual system behavior and failures. (ii) Their usefulness in incident diagnosis, trend
analysis, or capacity planning. (iii) Their acceptance and interpretability by practitioners
and teams.
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Appendix A. Preliminary Catalog of Metrics

This section presents the preliminary catalog of metrics validated in this work, derived
from [9].

Category Metric Code Metric Name

API Performance (AP) AP.1.1 Informational Response Rate
API Performance (AP) AP.2.1 Successful Response Rate
API Performance (AP) AP.2.2 Total Successful Requests
API Performance (AP) AP.3.1 Redirection Response Rate
API Performance (AP) AP.4.1 Requests Throughput
API Performance (AP) AP.5.1 Average inbound data
API Performance (AP) AP.5.2 Maximum inbound data
API Performance (AP) AP.5.3 Minimum inbound data
API Performance (AP) AP.6.1 Average outbound data
API Performance (AP) AP.6.2 Maximum outbound data
API Performance (AP) AP.6.3 Minimum outbound data
API Utilization (AU) AU.1.1 Active inbound data
API Utilization (AU) AU.1.2 Active outbound data

Caching (CA) CA.1.1 Total Cache Hits
Caching (CA) CA.1.2 Cache Hit Rate
Caching (CA) CA.2.1 Total Cache Misses
Caching (CA) CA.2.2 Cache Miss Rate
Errors (ER) ER.1.1 Total Error Count
Errors (ER) ER.1.2 Overall Error Rate
Errors (ER) ER.2.1 Client Error Count
Errors (ER) ER.2.2 Client Error Rate
Errors (ER) ER.3.1 Server Error Count
Errors (ER) ER.3.2 Server Error Rate
Errors (ER) ER.4.1 Total Other Errors
Errors (ER) ER.4.2 Exception Count
Errors (ER) ER.4.3 Total Authentication Errors
Errors (ER) ER.4.4 Total Target Connection Errors

Latency and Response Time (RT) RT.1.1 Internal Processing Time (IPT)
Latency and Response Time (RT) RT.1.2 IPT (90th Percentile)
Latency and Response Time (RT) RT.1.3 IPT (95th Percentile)
Latency and Response Time (RT) RT.1.4 IPT (99th Percentile)
Latency and Response Time (RT) RT.2.1 Total Response Time (TRT)
Latency and Response Time (RT) RT.2.2 Maximum Response Time
Latency and Response Time (RT) RT.2.3 Minimum Response Time.
Latency and Response Time (RT) RT.2.4 Standard Deviation of Response Time
Latency and Response Time (RT) RT.2.5 TRT (50th Percentile)
Latency and Response Time (RT) RT.2.6 TRT (90th Percentile)
Latency and Response Time (RT) RT.2.7 TRT (95th Percentile)
Latency and Response Time (RT) RT.2.8 TRT (99th Percentile)
Latency and Response Time (RT) RT.3.1 Upstream Response Time (UpRT)
Latency and Response Time (RT) RT.3.2 UpRT (90th Percentile)
Latency and Response Time (RT) RT.3.3 UpRT (95th Percentile)

Resource Utilization (RU) RU.1.1 CPU Utilization Percentage
Resource Utilization (RU) RU.2.1 Disk Utilization Percentage
Resource Utilization (RU) RU.3.1 Memory Usage in the Last Hour
Resource Utilization (RU) RU.3.2 Maximum Memory Utilization
Resource Utilization (RU) RU.3.3 Memory Usage by Node

System Health (SH) SH.1.1 Database Reachability Status
System Health (SH) SH.2.1 Upstream Health Status
System Health (SH) SH.3.1 Active Reading Connections
System Health (SH) SH.3.2 Idle waiting connections 37
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Category Metric Code Metric Name

System Health (SH) SH.3.3 Active writing connections
Traffic Monitoring (TM) TM.1.1 Total APIs
Traffic Monitoring (TM) TM.1.2 Total number of Products
Traffic Monitoring (TM) TM.1.3 Total API Requests
Traffic Monitoring (TM) TM.2.1 Total Data transferred
Traffic Monitoring (TM) TM.2.2 Total Inbound data
Traffic Monitoring (TM) TM.2.3 Total outbound data
Traffic Monitoring (TM) TM.3.1 Throttling Errors

Appendix B. Descriptive Statistics of Metrics’ Accuracy Ratings

metric mean median sd min max

TM.1.1 4.142857 4 1.0690450 2 5
TM.1.2 4.142857 4 0.6900656 3 5
TM.1.3 4.428571 4 0.5345225 4 5
TM.2.1 4.000000 4 1.0000000 2 5
TM.2.2 4.142857 4 0.6900656 3 5
TM.2.3 4.142857 4 0.6900656 3 5
TM.3.1 4.000000 4 1.0000000 2 5
SH.1.1 3.285714 3 0.7559289 2 4
SH.2.1 3.000000 3 1.0000000 2 4
SH.3.1 3.000000 3 1.0000000 2 4
SH.3.2 3.000000 3 1.0000000 2 4
SH.3.3 3.142857 3 1.2149858 2 5
CA.1.1 3.714286 4 0.9511897 2 5
CA.1.2 4.000000 4 1.0000000 2 5
CA.2.1 3.714286 4 0.9511897 2 5
CA.2.2 3.857143 4 1.0690450 2 5
AU.1.1 3.714286 4 0.9511897 2 5
AU.1.2 3.714286 4 0.9511897 2 5
RT.1.1 3.571429 4 1.1338934 2 5
RT.1.2 2.571429 2 1.1338934 1 4
RT.1.3 2.571429 2 1.1338934 1 4
RT.1.4 2.571429 2 1.1338934 1 4
RT.2.1 3.857143 4 1.0690450 2 5
RT.2.2 3.857143 4 0.8997354 2 5
RT.2.3 3.571429 4 1.1338934 2 5
RT.2.4 4.000000 4 1.0000000 2 5
RT.2.5 2.857143 3 1.2149858 1 4
RT.2.6 2.857143 3 1.2149858 1 4
RT.2.7 2.857143 3 1.2149858 1 4
RT.2.8 2.857143 3 1.2149858 1 4
RT.3.1 3.571429 4 1.2724180 2 5
RT.3.2 3.000000 3 1.1547005 2 5
RT.3.3 3.000000 3 1.1547005 2 5
RU.1.1 3.714286 4 1.2535663 2 5
RU.2.1 3.428571 4 1.3972763 2 5
RU.3.1 3.857143 4 0.8997354 2 5
RU.3.2 3.714286 4 0.9511897 2 5
RU.3.3 3.857143 4 0.8997354 2 5
AP.1.1 4.000000 4 1.1547005 2 5
AP.2.1 4.285714 4 0.7559289 3 5
AP.2.2 4.142857 4 0.6900656 3 538
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metric mean median sd min max

AP.3.1 3.857143 4 1.0690450 2 5
AP.4.1 4.142857 4 0.6900656 3 5
AP.5.1 3.428571 4 1.1338934 2 5
AP.5.2 3.428571 4 1.1338934 2 5
AP.5.3 3.285714 4 1.2535663 2 5
AP.6.1 3.285714 4 1.2535663 2 5
AP.6.2 3.428571 4 1.1338934 2 5
AP.6.3 3.571429 4 1.1338934 2 5
ER.1.1 4.428571 4 0.5345225 4 5
ER.1.2 4.571429 5 0.5345225 4 5
ER.2.1 4.571429 5 0.5345225 4 5
ER.2.2 4.000000 4 1.1547005 2 5
ER.3.1 4.142857 5 1.2149858 2 5
ER.3.2 4.571429 5 0.5345225 4 5
ER.4.1 3.714286 4 1.2535663 2 5
ER.4.2 4.142857 4 0.8997354 3 5
ER.4.3 4.000000 4 1.0000000 2 5
ER.4.4 3.857143 4 1.0690450 2 5

Appendix C. Descriptive Statistics of Metrics’ Relevance Ratings

metric mean median sd min max

TM.1.1 4.285714 4 0.7559289 3 5
TM.1.2 4.285714 4 0.7559289 3 5
TM.1.3 4.571429 5 0.5345225 4 5
TM.2.1 4.285714 5 1.1126973 2 5
TM.2.2 4.285714 5 1.1126973 2 5
TM.2.3 4.285714 5 1.1126973 2 5
TM.3.1 4.571429 5 0.7867958 3 5
SH.1.1 3.571429 3 0.7867958 3 5
SH.2.1 4.428571 4 0.5345225 4 5
SH.3.1 3.714286 3 0.9511897 3 5
SH.3.2 4.000000 4 0.8164966 3 5
SH.3.3 4.142857 4 0.8997354 3 5
CA.1.1 3.571429 4 0.9759001 2 5
CA.1.2 3.857143 4 1.0690450 2 5
CA.2.1 3.857143 4 0.8997354 3 5
CA.2.2 3.857143 4 0.8997354 3 5
AU.1.1 3.428571 4 1.1338934 2 5
AU.1.2 3.428571 4 1.1338934 2 5
RT.1.1 4.285714 4 0.7559289 3 5
RT.1.2 3.571429 3 0.7867958 3 5
RT.1.3 3.571429 3 0.7867958 3 5
RT.1.4 3.571429 3 0.7867958 3 5
RT.2.1 4.571429 5 0.5345225 4 5
RT.2.2 4.285714 4 0.7559289 3 5
RT.2.3 4.142857 4 1.0690450 2 5
RT.2.4 4.285714 4 0.7559289 3 5
RT.2.5 3.857143 4 0.8997354 3 5
RT.2.6 3.857143 4 0.8997354 3 5
RT.2.7 3.857143 4 0.8997354 3 5
RT.2.8 3.857143 4 0.8997354 3 5
RT.3.1 4.000000 4 1.1547005 2 5 39
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metric mean median sd min max

RT.3.2 3.714286 4 1.1126973 2 5
RT.3.3 3.714286 4 1.1126973 2 5
RU.1.1 4.142857 4 1.0690450 2 5
RU.2.1 3.714286 4 1.2535663 2 5
RU.3.1 4.285714 4 0.4879500 4 5
RU.3.2 4.000000 4 0.8164966 3 5
RU.3.3 4.142857 4 0.3779645 4 5
AP.1.1 3.857143 4 1.0690450 2 5
AP.2.1 4.000000 4 0.5773503 3 5
AP.2.2 4.000000 4 0.8164966 3 5
AP.3.1 3.857143 4 1.0690450 2 5
AP.4.1 4.285714 4 0.7559289 3 5
AP.5.1 3.714286 4 1.1126973 2 5
AP.5.2 3.571429 4 0.9759001 2 5
AP.5.3 3.571429 4 1.2724180 2 5
AP.6.1 3.571429 4 1.2724180 2 5
AP.6.2 3.714286 4 1.1126973 2 5
AP.6.3 3.857143 4 1.0690450 2 5
ER.1.1 4.428571 4 0.5345225 4 5
ER.1.2 4.571429 5 0.5345225 4 5
ER.2.1 4.428571 4 0.5345225 4 5
ER.2.2 4.000000 4 1.1547005 2 5
ER.3.1 4.000000 4 1.1547005 2 5
ER.3.2 4.571429 5 0.5345225 4 5
ER.4.1 4.000000 4 1.0000000 2 5
ER.4.2 4.000000 4 0.8164966 3 5
ER.4.3 4.428571 5 0.7867958 3 5
ER.4.4 4.142857 4 0.8997354 3 5
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Appendix D. Tukey HSD Pairwise Comparisons

Expert pair diff lwr upr p adj

E2-E1 -0.28813559 -0.68469491 0.1084237 0.3237969
E3-E1 0.22033898 -0.17622033 0.6168983 0.6521410
E4-E1 0.30508475 -0.09147457 0.7016441 0.2564151
E5-E1 -0.20338983 -0.59994915 0.1931695 0.7328451
E6-E1 0.96610169 0.56954238 1.3626610 0.0000000
E7-E1 1.30508475 0.90852543 1.7016441 0.0000000
E3-E2 0.50847458 0.11191526 0.9050339 0.0031533
E4-E2 0.59322034 0.19666102 0.9897797 0.0002408
E5-E2 0.08474576 -0.31181355 0.4813051 0.9956855
E6-E2 1.25423729 0.85767797 1.6507966 0.0000000
E7-E2 1.59322034 1.19666102 1.9897797 0.0000000
E4-E3 0.08474576 -0.31181355 0.4813051 0.9956855
E5-E3 -0.42372881 -0.82028813 -0.0271695 0.0274732
E6-E3 0.74576271 0.34920340 1.1423220 0.0000010
E7-E3 1.08474576 0.68818645 1.4813051 0.0000000
E5-E4 -0.50847458 -0.90503389 -0.1119153 0.0031533
E6-E4 0.66101695 0.26445763 1.0575763 0.0000236
E7-E4 1.00000000 0.60344068 1.3965593 0.0000000
E6-E5 1.16949153 0.77293221 1.5660508 0.0000000
E7-E5 1.50847458 1.11191526 1.9050339 0.0000000
E7-E6 0.33898305 -0.05757627 0.7355424 0.1503445
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