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Abstract

As software ecosystems (SECOs) grow across domains, understanding how tools

evolve and differentiate functionally is critical for innovation. This manuscript-based

thesis explores the evolution of the software ecosystem and its influence on developers’

motivations to extend their software products in two ecosystems.

In the first part, we focus on the evolution of open-source software by analyzing

6,983 GitHub Actions on GitHub Marketplace, revealing a widespread functional re-

dundancy. A graph-based analysis of version histories and release patterns identi-

fies early contributors and offers strategies to reduce duplication and align tools with

emerging trends.

In the second part, in collaboration with industry partners, we examined proprietary

software products, focusing on functional maturity, in particular AI-related features in

116 patient-centric healthcare applications. We find that 86.21% of apps remain in early

AI adoption stages, indicating limited advancement toward AI integration.

Together, these studies introduce a generalizable, data-driven framework for ana-

lyzing functional evolution across domains.
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Chapter 1

Chapter One: Introduction

Software ecosystems (SECOs) have become foundational to how modern software is

developed, distributed, and maintained [1, 2]. These ecosystems are often built around

multi-sided platforms that enable collaboration between tool developers, users, and ser-

vice providers, facilitating innovation through component reuse and modular growth [3,

4]. Prominent examples include open-source platforms like GitHub and proprietary

mobile app stores such as Google Play and Apple’s App Store [5, 6, 7]. Although prior

studies have explored the role of SECOs in driving innovation and influencing business

decisions [1, 2, 3, 8, 9, 10, 11, 12, 4], critical questions remain regarding how functionali-

ties emerge, mature, evolve, and compete within ecosystems.

1.1 Empirical Contexts

The GitHub Marketplace represents an evolving, developer-driven SECO that supports

the distribution and reuse of automation tools, particularly GitHub Actions [5, 13].

These tools are defined through YAML workflows and are commonly employed for Con-

tinuous Integration (CI), Continuous Deployment (CD), code analysis, testing, and in-

frastructure management.

The marketplace has grown rapidly, from 7,878 Actions in April 2021 to over 22,000

in March 2024, indicating significant tool proliferation [13]. However, this growth is ac-

companied by high functional redundancy, particularly in categories like CI, where mul-

tiple tools offer near-identical capabilities. Developers often choose between reusing
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existing tools, customizing forks, or developing new yet functionally similar tools [14,

13]. This behavior suggests complex innovation dynamics, influenced by both technical

and social factors.

Furthermore, the open-source nature of GitHub Actions hosted on GitHub Market-

place enables transparency: researchers can access source code and metadata on devel-

opment activity, composition patterns, and community interactions [15, 16]. This makes

GitHub Marketplace a rich case for studying SECO evolution, redundancy, tool compo-

sition, and competitive differentiation strategies.

In contrast, mobile app stores such as the Google Play Store serve a user-centric

SECO, where applications are consumed primarily by end users with limited techni-

cal knowledge [17, 7, 18]. Understanding the app store ecosystem is essential when

developing mobile applications. Mining app store data helps identify widely adopted

and emerging features, supporting data-driven decisions in software evolution, feature

maturity and reuse [19, 20]. Comparative analysis of competing apps informs market

entry strategies, while the multi-sided nature of app stores enables collaboration among

developers, users, and service providers to reduce costs and enhance app value [21, 7].

Simultaneously, Artificial Intelligence (AI) has emerged as a transformative force

across industries. Foundational Models (FMs), which are the large-scale AI models

trained on diverse and extensive datasets, have enabled general-purpose capabilities

with minimal domain-specific tuning [22]. These models can be tuned to a variety of

downstream tasks. For instance, in healthcare, FMs are applied to clinical note genera-

tion, diagnostics, and personalized health interventions, promising a new generation of

patient-centric e-Health solutions [23, 24].

External disruptive innovations are increasingly affected by markets such as app

stores, often more rapidly and significantly than others [25, 26, 27]. In particular, the

digital health domain has seen growing interest in integrating AI capabilities, includ-

ing FMs, into digital health (e-Health) applications. These applications aim to provide

personalized recommendations, symptom checkers, medication reminders, and conver-

sational agents to enhance patient engagement. However, integrating AI capabilities
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faces many challenges, including data privacy concerns, lack of explainability, regula-

tory constraints, and potential algorithmic bias [24].

App store metadata offers a valuable lens for understanding how functional fea-

tures emerge and mature. By mining app descriptions, user reviews, and update logs,

researchers can infer which features are widely adopted, which are emerging, how these

features are maturing and how specific features such as AI capabilities are being posi-

tioned in terms of value and functionality [28, 19]. This mirrors the concept of feature

reuse and ecosystem-aware development strategies in SECO literature [29, 20].

This work builds upon the existing body of literature developed over the years [30,

31, 5, 13, 32, 6, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 7, 47, 48, 49, 50, 51, 52, 53,

54, 55, 56, 57, 58, 59, 60, 61, 62, 41, 46, 63, 64].

1.2 Challenges and Research Gaps

Despite operating in different contexts and serving different user groups, both the GitHub

Marketplace and Google Play Store reveal similar structural and evolutionary chal-

lenges:

Redundancy and Innovation Trade-offs: In GitHub Marketplace,overlapping func-

tionalities among Actions are common [13]. Similarly, in e-Health, multiple apps repli-

cate similar features without building on shared foundations. These trends raise ques-

tions about the incentives and mechanisms behind functional duplication versus reuse

[52, 44, 37, 65, 55].

Transparency and Data Access: GitHub provides source code and integration meta-

data, allowing for fine-grained analysis. In contrast, app store platforms are often black

boxes, obscuring how AI models are used and evaluated [18].

Functional Maturity and Evolution: Both platforms enable studying the evolution

and maturity of functionality across time. In GitHub, we can observe feature evolu-

tion via workflow and version history analysis; in e-Health, we assess functional shifts

through app version histories and descriptions.
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User and Provider Asymmetry: GitHub’s users are technically proficient, which

fosters open collaboration and rapid innovation [66, 13]. App store users, especially in

healthcare, lack this expertise, increasing reliance on black-box AI and requiring higher

standards for usability and trust [67, 43].

AI Maturity Assessment: There is a lack of standardized metrics to gauge the depth

and reliability of AI integration in SECO. Existing maturity models (e.g., Gartner’s) pro-

vide a starting point, but empirical studies applying them to real app data are sparse [68,

69, 68, 70].

1.3 Research Objectives

This thesis aims to investigate the emergence, maturity and evolution of software func-

tionalities within SECOs, focusing on both open developer-centric platforms and user-

centric mobile ecosystems. Specifically, the objectives are:

Objective 1: Investigate the emergence, evolution, and differentiation of function-

alities within open-source software ecosystems (SECOs) by analyzing the historical de-

velopment of GitHub Actions. This includes identifying patterns of functionality reuse,

expansion, and the influence of early tool providers in shaping the ecosystem. We ad-

dressed this objective in Chapter 2.

Objective 2: Examine the functional maturity, particularly AI-related capabilities,

within black-boxed SECOs by conducting a case study of mobile health applications,

uncovering how functionalities are integrated and evolve in closed systems. This objec-

tive was addressed in Chapter 3.

Objective 3: Deliver actionable insights into the maturation and competitive dy-

namics of functionalities across digital ecosystems. These insights will support data-

driven decisions for tool development, functionality reuse, and strategic differentiation

tailored to each SECO type. We addressed this objective across Chapters 2 and 3.
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1.4 Thesis Overview

This thesis is structured into four chapters, each contributing to a broader understand-

ing of how functionalities evolve, overlap, and innovate within software ecosystems

in alignment with the objectives outlined in Section 1.3. The work is divided into two

empirical case studies and a conclusion chapter.

1.4.1 Chapter 2: Extension Decisions in Open Source Software Ecosystem

Chapter 2 investigates the GitHub Marketplace as a dynamic and open software ecosys-

tem where developers build and share automation tools, particularly GitHub Actions.

The study explores how Action functionalities and features evolve within this ecosys-

tem by analyzing a large dataset of automation-focused Actions over time to address

Objective 1 and Objective 3. Specifically, we address:

• The functional overlap among Actions via graph-based modeling techniques.

• The identification and evolution of functional relationships, focusing on changes

between two time snapshots.

• The role of tool providers, particularly "early contributors," in driving innovation

and reuse.

• The mapping of these observed patterns onto established SECO migration models

from prior literature [28].

Methodologically, this study employs YAML file parsing, Natural Language Process-

ing (NLP), and network analysis using NetworkX [71] to construct and analyze a func-

tional network of GitHub Actions. We compiled a dataset of 6,983 Actions from the

GitHub Marketplace, capturing two temporal snapshots to enable longitudinal analy-

sis. For each Action, software features were extracted using a fine-tuned Large Lan-

guage Model (LLM), allowing for consistent and scalable identification of functional
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attributes across the dataset. Based on these extracted features, we formalized func-

tional relationships among Actions and modeled them as a network to detect patterns

of overlap, similarity, and compositional structure.

To examine ecosystem dynamics, we studied the evolution of these functional re-

lationships over time, tracing how tools converged or diverged in capability. Further-

more, we identified 3,869 distinct tool providers and analyzed the role of early contrib-

utors, those whose initial tools became functionally connected to others in later stages,

in shaping the trajectory of the ecosystem. By uncovering patterns of functional redun-

dancy and mapping the evolution of offerings, this chapter provides valuable insights

to inform strategic decisions around market entry, tool reuse, and differentiation. The

findings offer developers and platform stakeholders a roadmap for aligning future of-

ferings with emerging trends in automation tooling.

1.4.2 Chapter 3: The Impact of Foundational Models on Patient-Centric e-

Health Systems

Chapter 3, shifts focus from open-source platforms to mobile health applications dis-

tributed through the Google Play Store, a semi-closed and user-facing SECO to address

Objective 2 and Objective 3. It examines how functionalities, primarily AI and FM-

related features, have been integrated into real-world e-Health applications, with a fo-

cus on:

• Identifying which features are currently in use and how they are described.

• Classifying apps by AI maturity levels using the Gartner AI Maturity Model [68].

• Assessing how app characteristics (e.g., popularity, update frequency, user rat-

ings) correlate with different maturity levels.

To accomplish this, we analyzed 116 patient-centric healthcare applications by au-

tomatically extracting and clustering functionalities from app descriptions using a fine-

tuned LLM. The feature extraction pipeline closely followed the approach presented

in Chapter 2, with domain-specific modifications tailored to mobile health applications.
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The extracted features were then categorized according to a five-level AI maturity model

(awareness, active, operational, systematic, and transformational) to assess the degree

of AI integration within each application. We conducted a quantitative analysis to es-

tablish a current snapshot of the landscape in patient-centric e-Health, examining the

distribution of AI maturity levels across the dataset. Additionally, we investigated cor-

relations between functional maturity and app popularity metrics, such as download

counts and user ratings, to explore how advanced AI capabilities may influence user

engagement and market performance. This chapter offers a foundational understand-

ing of how AI, particularly FMs, is being integrated into real-world healthcare apps.

1.4.3 Chapter 4: Conclusions and Future Work

In this final chapter, findings from both empirical studies are brought together to ad-

dress broader questions around software ecosystem evolution, functionality reuse, and

innovation diffusion across different platform types. Key contributions include:

• A comparative discussion of developer-driven (GitHub) vs. user-facing (Google

Play) ecosystems.

• A reflection on functional redundancy and how it manifests differently based on

user expertise, platform openness, and reuse practices.

• Insights into the implications of AI adoption, particularly in domains where trust,

privacy, and usability are essential (e.g., healthcare).

• Practical takeaways for developers, platform managers, and researchers, includ-

ing how to design to reduce redundancy and foster sustainable ecosystem growth.

The chapter concludes with a discussion of directions for future research, including

potential extensions into real-time functionality tracking, user feedback analysis, and

deeper explorations of socio-technical co-evolution in SECOs.
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Chapter 2

Chapter Two: Extension Decisions in

Open Source Software Ecosystem

Abstract

GitHub Marketplace, as an open source software platform, is rapidly evolving, with

an average annual increase of 41.23% in new tools by new or existing providers. In

such a dynamic SECO, making informed decisions about market entry and product ex-

tension is critical for success and requires careful consideration. GitHub Marketplace

offers an environment where developers can openly share tools for automating work-

flows in open source software. However, our preliminary analysis of this ecosystem

revealed a significant functional redundancy among the provided tools in this SECO.

To address Objective 1 and Objective 3 of this thesis, we employed a graph-based

approach to analyze the functional relationships between 6,983 CI Actions and 3,869

providers. We investigated the birth of functionalities and their evolutionary trajectory

over time by mining the version control history and different releases of the actions, and

identified early contributors. Understanding the dynamics of the GitHub Marketplace

is crucial for developers and organizations aiming to innovate and remain competitive

in this rapidly evolving environment. By identifying patterns of functional redundancy

and tracing the evolution of tools, we provide valuable insights that can inform strategic
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decisions on market entry and product development. Our analysis of early contributors

and the evolutionary trajectory of functionalities offers developers a roadmap for antic-

ipating future trends and aligning their products with emerging needs.

2.1 Introduction

SECOs drive innovation by fostering collaboration, competition, and reuse [11, 12, 4].

GitHub Marketplace exemplifies this by enabling developers to share, refine, and com-

pete with automation tools, particularly GitHub Actions [5]. As a dynamic marketplace,

it reduces development costs and accelerates software evolution through open source

contributions [72, 73].

In software engineering, mobile app stores, such as Apple’s App Store and Google

Play [74, 7], are among the most extensively studied two-sided platforms. While both

GitHub Marketplace and mobile app stores function as two-sided platforms connecting

developers with users, they differ significantly in openness and user expertise [75, 76].

Mobile app stores, such as Apple’s App Store and Google Play, primarily cater to end-

users who typically lack technical backgrounds [10, 77]. These platforms distribute com-

piled applications without providing access to the source code, limiting users’ ability to

modify or understand the underlying software. In contrast, GitHub Marketplace serves

a developer-centric community, offering tools and integrations with accessible source

code, fostering collaboration and continuous improvement within the software devel-

opment ecosystem. The closed nature of mobile app stores ensures a controlled environ-

ment, enhancing security and user experience for non-technical consumers. However,

this model can restrict innovation and transparency, as developers must adhere to strin-

gent guidelines and cannot freely modify distributed applications [78, 67]. Conversely,

GitHub Marketplace, by hosting open source tools, encourages innovation through

shared knowledge and collective problem-solving, benefiting a technically proficient

audience.

GitHub Marketplace provides access to source code and developer activity, making

9



it an ideal environment for studying automation tool innovation [10]. However, a signif-

icant overlap exists among tools, particularly within categories like CI, where multiple

Actions offer similar functionalities. Understanding why developers create new but

functionally redundant Actions instead of reusing existing ones is crucial for analyzing

innovation patterns, feature evolution, and competition [5, 14].

2.1.1 What is GitHub Action?

GitHub Actions, originally designed for CI/CD tasks, have expanded into a broad au-

tomation framework, surpassing alternatives like Travis CI [79]. The marketplace has

experienced rapid growth, with Actions increasing from 7,878 in April 2021 to 22,194

in March 2024, highlighting the ecosystem’s expansion [13]. GitHub Actions can ex-

ecute multiple tasks, automating development and build activities using a structured

YAML format. The YAML files define job sequences that outline an Action’s functionality,

inputs, and outputs, specifying how automation tasks are executed. Actions published

on the GitHub Marketplace must include an action.yaml file in its root directory, spec-

ifying its technical requirements, functionalities, and integration steps [14].

A qualitative study [13] found that developers select Actions based on functional

and non-functional attributes, as well as their composition within a single Action. De-

velopers integrate these tools by referencing them in workflow files and can further

customize them through forking and pull requests. This open source model fosters con-

tinuous collaboration and enhancement, reinforcing GitHub Marketplace as a critical

hub for software automation and innovation.

The options for developers looking to automate different workflows in their repos-

itories via GitHub Actions are diverse. They can either create custom Actions, reuse

existing ones from other project repositories or explore the GitHub Marketplace, where

various prebuilt Actions cater to different functionalities. Furthermore, the developers

can customize these Actions by forking repositories and submitting pull requests. This

open source approach fosters collaboration and continuous enhancement of automation

tools on the GitHub Marketplace.
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Action
repository

Coding

GitHub
Marketplace

Release actionX Find / rate actionX

fork/pull requestUpdating

.github/workflows

.github/workflows/Worflow1.yml

Developers Creating
Actions

Publishers Releasing
Action

Developers Seeking
Actions

Add actionX

Developers Adding an Action to Their  Project Workflow

FIGURE 2.1: Actions are developed and shared on GitHub Marketplace, where they are inte-
grated by others to automate workflows.

Figure 2.1 illustrates a simplified scenario, explaining how a publisher releases an

Action on the GitHub Marketplace and, subsequently, how users can integrate this Ac-

tion into their project’s workflow to automate tasks within their repository. The pro-

cess of integrating Actions into repositories is rather a manual effort. Developers can

integrate the selected Action into their project by specifying its unique name [14] in

the YAML file representing their workflow, enabling them to automate workflows within

their repositories. To do so, the developer is required to check the action.yaml file for

integration instructions.

2.1.2 Why Study the GitHub Marketplace?

GitHub Marketplace exemplifies a SECO where diverse automation tools interact [5],

making it a valuable case for studying system co-evolution [29, 80]. Its focus on au-

tomation (e.g., Actions) highlights how innovation streamlines development, reduces

costs, and enhances productivity [81, 82]. The marketplace’s open and dynamic nature

directly relates to the broader challenges of Systems-of-Systems (SoS) and SECO engi-

neering, positioning it as an ideal case study for analyzing SECO evolution from a Soft-

ware Engineering perspective. GitHub Marketplace serves as a microcosm of software
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development, showcasing how new tools and features emerge, evolve, and compete.

Unlike proprietary platforms, GitHub provides access to source code, usage statis-

tics, and contribution history, enabling empirical analysis of innovation patterns, offer-

ing what we refer to as Rich Open Data. This transparency allows researchers to track

the development life cycle of automation tools, study adoption trends, and examine the

mechanisms that drive feature innovation [15, 16]. Additionally, the marketplace ex-

hibits extensive redundancy and a competitive landscape, where both tool providers

and developers possess similar levels of technical literacy. This distinguishes GitHub

Marketplace from other software distribution platforms, where users often lack the ex-

pertise to assess or modify the software they consume. The availability of full pipeline

visibility, including access to source code, enables a unique opportunity for component-

based analysis and software reuse, potentially enhancing efficiency and reducing dupli-

cation in software development. The presence of overlapping tools raises fundamental

questions about competition, redundancy, and differentiation strategies in open source

ecosystems [5].

By studying GitHub Marketplace, we gain a comprehensive understanding of SECO

evolution, feature emergence, and the interplay between competition and collaboration

in driving innovation. These insights establish GitHub Marketplace as a critical plat-

form for SECO research, bridging empirical software engineering with real-world de-

velopment practices.

To achieve the objectives of this thesis, we analyze the functionalities of GitHub Ac-

tions and their relationships in terms of shared features and capabilities (i.e., functional

relationships). Additionally, we examine how these relationships have evolved over

time, a process we term functional evolution, and identify the competitive factors driv-

ing this transformation within the SECO landscape (Objective 1). By doing so, we aim

to understand how these automation tools and their associated marketplace contribute

to innovation in software development (Objective 3).

While our analysis centers on GitHub Marketplace, the patterns of functional evolu-

tion observed in this study provide broader insights for developers and stakeholders in
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other digital marketplaces. The findings contribute to enhanced developer productivity

by offering actionable insights that help developers design, refine, and maintain more

effective tools while navigating the competitive landscape and complementary products

in software marketplaces. Beyond GitHub Actions, our study has far-reaching implica-

tions for developers, platform managers, and researchers seeking to foster innovation,

reduce redundancy, and drive sustainable growth in other SECOs. To accomplish these

goals, we address three main research questions (RQs) in the following section.

2.1.3 Research Questions

We focused on three research questions to evaluate the dynamics of the GitHub market-

place at the functional level:

RQ1: How do the functional relationships among offerings in the GitHub Market-

place evolve within this SECO?

To address this question, we analyzed the YAML files of Actions at two time snap-

shots, t0 and t1, to extract and categorize their functionalities. For each point in time,

Actions were classified as either independent (having no functional overlap) or overlap-

ping with other Actions. For overlapping Actions, we applied a graph-based approach

using NetworkX [71] to construct a functional relationship network. This allowed us

to visualize and examine the interconnections among Actions, their features, and pub-

lishers, offering a structural and topological representation of the GitHub Marketplace

ecosystem.

RQ2: How do the provider characteristics relate to the evolution of functional rela-

tionships in this SECO?

To investigate this, we examined the characteristics of providers (i.e., publishers)

who develop and maintain GitHub Actions, aiming to understand their role in shap-

ing the ecosystem’s evolution. We classified providers into two distinct categories: In-

dependent Tool Providers, who exclusively release Independent Actions (i.e., Actions

with no functional overlap with others), and Dependent Tool Providers, who release at

least one overlapping Action, indicating functional dependency with other Actions. We
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then identified Early Contributors, providers who initially (at snapshot t0) offered an

Independent Action that later (at snapshot t1) developed functional overlap with other

Actions. These publishers were classified as Early Contributors to capture their early in-

volvement and influence within the SECO evolution and innovation [83]. By analyzing

the relationship between provider characteristics and the evolution of their published

Actions, we aimed to determine the role of Early Contributors and innovative providers

in driving functional changes and innovation within this SECO.

RQ3: How can the evolution of the functional relationships in GitHub be explained

using predefined SECO migration patterns?

To further understand evolutionary trends in the SECO, we examined the migratory

behaviors of functionalities to assess the influence of pre-existing patterns on the evo-

lution of Actions in the GitHub Marketplace. Specifically, we leveraged the nine behav-

ioral patterns introduced by Sarro et al. [28] in the context of mobile app stores, where

functionalities migrate across app categories, to analyze the extent to which similar mi-

grations occur within the GitHub Marketplace. We mapped the functional evolution

observed in the GitHub SECO to these migratory behaviors and empirically examined

their role in shaping developer movement, feature evolution, and ecosystem growth. By

doing so, we aimed to uncover whether SECO migration patterns observed in mobile

ecosystems also apply to software development marketplaces and how these behaviors

influence innovation in GitHub Actions.

We begin by summarizing related studies in Section 2.2, followed by an overview

of the data collection process in Section 2.3. Next, we present the methodology used

in this study in Section 2.4 and discuss our results in Sections 2.5 and 2.6. Finally, we

address potential threats to validity in Section 2.7 and conclude with closing remarks in

Section 2.8.
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2.2 Related Studies

In this section, we summarize the related studies relevant to our topic of discussion. We

begin by reviewing research on SECOs, followed by studies on the GitHub Marketplace

and GitHub Actions.

2.2.1 Software Ecosystems

SECOs play a crucial role in fostering creativity throughout the software development

process [84, 85]. Joshua et al. performed a systematic review of SECOs, highlighting

their key features, benefits such as fostering co-innovation and reducing costs, and chal-

lenges including security and infrastructure management [80]. Bosch [3] defines a SECO

as a commercial ecosystem that includes software solutions and services designed to en-

able, support, and automate activities and transactions within both social and business

environments. In recent years, analyzing SECOs to gain insights into various phases of

the Software Development Life Cycle (SDLC) has become an area of growing interest

among researchers [73]. Malcher et al. [86] explored Open Innovation (OI) practices

used to manage requirements in SECO, where multiple actors interact through various

communication channels. They identified 10 OI practices and 14 communication chan-

nels, intending to make the requirements management process in SECO more informal,

open, and collaborative.

2.2.2 GitHub Ecosystem and Marketplace

Saroar et al. [5] further contributed to the field of SECOs by establishing GitHub Market-

place - an ecosystem for developers to share automation tools, also known as Actions-

as a SECO, identifying its components and conceptualizing them within the broader

definition of a SECO. Furthermore, they thoroughly analyzed the GitHub Marketplace

to bridge the knowledge gap between state-of-the-art and state-of-practice. Their re-

search highlighted that Action providers publish multiple Actions, along with various

statistical analyses of different attributes within the GitHub Marketplace. This was the

sole study we found pointing to the GitHub Marketplace as an SECO.
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2.2.3 GitHub Actions for Workflow Automation

Even though there are limited studies targeting the GitHub Marketplace, various stud-

ies focus on GitHub Actions by studying the GitHub repositories that use Actions to

automate their workflow [87, 88]. Golzadeh et al. [79] conducted a nine-year empirical

study to explore the evolution of CI services within GitHub repositories, discovering

that Action has suppressed third-party tools such as Travis. This was further followed

from the line of study from the same research group to evaluate the use of Actions for

different automated tasks [89, 90]. Khatami et al. [91] later performed a study to iden-

tify 22 workflow smells in GitHub Actions by analyzing 10,012 commits and developing

automated scripts for detection. Results highlight the need for better contextual under-

standing and communication with developers. Valenzuela et al. [92] examined GitHub

Actions workflow maintenance in 200 projects, highlighting bug fixes and CI/CD im-

provements as key factors hinting at improved resource planning, best practices, and

enhanced tool features. Since then, the field has increasingly focused on studying the

automated repositories using these Actions [93, 94] and the impact of using Actions on

CI/CD processes [95]. Saroar and Nayebi [13] investigated developers’ perceptions of

GitHub Actions, focusing on reusability and workflow file creation efficiency, through a

survey of 90 developers. They found that the developers opt to create new Actions due

to various reasons (e.g., Bugs). Decan et al. [96] conducted a study on the outdatedness

of project workflows utilizing GitHub Actions. Their findings revealed that, despite

regular updates to Actions, most workflows rely on versions that have been outdated

for over seven months.

2.2.4 Feature Extraction & AI for Software

To study the functional evolution of features in the marketplace, we first need to extract

features from the tools in the SECO. There have been various methods to extract features

from app descriptions in the state of the art. The feature extraction using n-grams and

agglomerative clustering by Harman et al. [97] is one of the most popular methods.

However, with the rise of generative AI and LLMs in software-related tasks [98, 99,
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100, 101, 102], we opted to use LLMs for feature extraction. LLMs have been shown

to provide a scalable, explainable alternative to costly human evaluations. Zheng et al.

[103] used strong LLMs as judges for open-ended questions, revealing that models like

GPT-4 can effectively approximate human preferences with over 80% agreement.

2.2.5 Functional Evolution & Network Analysis in SECOs

To the best of our knowledge, our study is the first to explore the functional evolution of

Actions in GitHub Marketplace. However, this is not the first time functional evolution

has been studied in SECOs. Sarro et al. [28] performed a study to understand the migra-

tory behavior of the features in a SECO over 33 weeks among pre-defined categories of

the SECO. They established nine migratory behaviors and introduced a framework for

analyzing app feature lifecycles using data from Samsung and BlackBerry app stores.

They found that intransitive features exhibit unique behaviors and highlight correla-

tions between price, rating, and popularity, offering valuable insights for developers.

Seidl and Aßmann [104] presented a metamodel to capture and analyze the evolution

of variability in SECOs, offering insights into the structure and changes within these

ecosystems over time.

Additionally, graphs have been used to study different relations in SECOs. The

study by Kim et al. [105], where they explored the content of mobile applications in

the App Store using text-mining-based network analysis, is one of such studies. They

visualized the associations among categories and applications, presenting both macro-

level category networks and micro-level app networks.

2.3 Data collection

Developers can self-categorize their Actions into up to three of the 18 categories avail-

able on GitHub Marketplace [66, 14]. These categories represent high-level processes.

GitHub Actions were developed initially to automate CI processes, making this cate-

gory the oldest and most established within the ecosystem. The history of CI-related

Actions dates back to 2015, predating the introduction of GitHub Marketplace itself.
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1 name: "Action's Name" # Required/ Must be unique
2 author: "Action creator"  #Optional
3 description: "Description of action" #Required
4 input:  #Optional
5 input_ID:  #Required
6 description: "Input description" #Required
7 required: "True/False" #Optional
8 default: "default value" #Optional
9 deprecationMessage: "Warning message" #Optional
10 output:  #Optional
11 output_ID:  #Required
12 description: "Output description"  #Required
13 value: "Only for composite actions"  #Required
14 runs:  #Required
15 using: "runtime used to execute the code"
16 branding: #Optional 

FIGURE 2.2: A template of action.yaml file encompassing all potential fields and sub-fields.
For this project, our emphasis was specifically on collecting data from the description fields

Given this longer evolutionary trajectory, CI Actions provide a rich dataset for analyz-

ing functional evolution and competitive dynamics within the SECO. For this study,

we scraped data from 6,983 Actions in the “Continuous Integration" category as of Jan-

uary 2024. Valid Actions on GitHub Marketplace require an action.yaml file in their

root repository [14]; therefore, we excluded any Actions missing this file or lacking a

connection to their GitHub repository. Since our study focuses on the evolution of func-

tional relationships among Actions, we retained only those present at both t0 (no later

than October 2023) and t1 (January 2024), resulting in a final dataset of 5,006 Actions.

We developed an in-house scraper using BeautifulSoup [106] to collect data from

GitHub Marketplace. For each Action, we extracted metadata, including the Action

name, short and long descriptions, publisher name, number of stars, repository link,

and other relevant attributes. We then navigated to each Action’s repository, cloned it,

and retrieved the contents of its action.yml file. GitHub Marketplace restricts access

to only the first 1,000 Actions per category in its default listing, as noted by Saroar et

al. [5]. To circumvent this limitation, we leveraged GitHub Marketplace’s sorting al-

gorithms along with a set of search terms to maximize coverage. Specifically, we used

bi-grams extracted for each category from Saroar et al. [5], along with a full set of En-

glish letters (upper and lowercase) and numbers (0 - 9) to generate search queries. By
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combining sorting strategies and search queries, we successfully retrieved 6,983 out of

7,248 Actions (96.34%) in the “Continuous Integration" category, ensuring comprehen-

sive coverage for this study.

Each Action consists of one or more functionalities, which are described in natural

language within the Action description and similarly structured in the action.yml file,

along with its inputs and outputs. The structured format of action.yml makes it a more

reliable source for feature identification, as it provides a standalone representation of an

Action as seen by a developer. A template structure of the action.yml file is presented

in Figure 2.2. Each action.yml file contains seven fields: name, author, description,

input, output, runs, and branding. Among these, name, description, and runs

are mandatory, while author, input, output, and branding are optional. The description

field provides an overview of the Action’s functionalities, whereas the input and output

fields define the required inputs and possible outputs of the Action, respectively. Each

of these fields also contains its own set of optional and mandatory subfields. Since the

description field is mandatory and used to generate the description in the GitHub Mar-

ketplace, developers provide detailed explanations of their functionalities within this

field. Therefore, we chose to extract all description fields for our analysis.

The data, along with the scripts utilized for mining GitHub Marketplace and Ac-

tion repositories, in addition to conducting the subsequent analysis, are made publicly

available in our GitHub repository [107].

2.4 Methodology

In this section, we outline the methodology employed in this study, organized according

to the research question. To study the evolution of Actions, we defined two time points

in the version history of Actions: t0 and t1, where t0 < t1. The point t1 is uniform across

all Actions and represents the most recent update of the Action data as of January 2024

(date of last extraction of data from GitHub Marketplace). In contrast, t0 varies for

each Action and marks its initial release, which can be any time between early 2015 to

October 2024 (We selected Actions with a minimum time difference of 12 weeks between
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Feature Extraction Prompt 

Capacity and Role: Requirement Analyst
Insight: We are looking to extract software features and
functionalities from software descriptions. software
features define the capabilities of the software.
Statement: Extract system functionalities from a given list
of descriptions
Personality: accurate and precise and make sure the
features are supported by the descriptions.
Experiment: output all features in a Python list. ONLY
output the Python list. 

here is the descriptions: {descriptions}

FIGURE 2.3: Prompt template created by modifying the CRISPE template and used to extract
features from Action descriptions.

t0 - t1). By assigning a unique t0 to each Action, we forgo the exploration of the birth

of new Actions. However, this approach allows us to remain focused on our primary

objective: studying the evolution of functional relationships among existing Actions

within the ecosystem.

2.4.1 Extracting Features Overtime (RQ1)

We extracted all available description fields, including the overall description and

those found in the input and output sections of the action.yml file, as the primary

source for feature extraction. Subsequently, we identified relationships between these

features using a network identification model.

Mining Features from Action Descriptions

From the YAML file, we took several steps to extract Action’s functionality:

Using LLM to extract features: With the rise of generative AI, particularly LLMs,

in supporting Requirements Engineering (RE) tasks [98, 99] and their capabilities as al-

ternatives to human evaluations [103, 108, 109, 110], we opted for LLM-based feature

extraction over traditional methods [97]. We evaluated several frameworks on a subset

of 100 GitHub Actions and found that the hybrid approach CRISPE [111, 112, 113] pro-

duced the most meaningful features. Figure 2.3 illustrates the prompt used to extract
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Prompt
Engineering

Using CRISPE

(1)

Fine-TuningRaw
Features

Randomly
Sampling 100

Actions and their
features

Human
Verification Training Set

YAML
Descriptions

Feature Extraction
Using

"llama3-8b-8192"

(2)

Fine-tuned
"llama3-8b-8192"Refined

Features

Pre-processing
Features

Feature
Consolidation with
Cosine Similarity

Crowd-sourced
feature

consolidation
Unique

Features

FIGURE 2.4: Feature extraction methodology using LLAMA3-8B-8192 model fine-tuned us-
ing manually labeled sample dataset (1). Additionally, we used cosine similarity and crowd-

sourcing to consolidate similar features (2)
.

features from our dataset. We tested multiple LLMs, primarily those available through

the Groq API [114], including MIXTRAL and LLAMA 3. To ensure consistency, we set the

temperature to zero. Given the inherent risk of hallucination in LLM-generated outputs,

we incorporated human verification to improve accuracy.

Adjusting a subset of features using human annotation: To assess and refine LLM-

extracted features, the first author manually reviewed 610 features from 100 randomly

selected Actions. They identified inaccuracies in 17.38% of the extracted features, ad-

justing their mappings to better align with the corresponding descriptions.

Fine-tuning LLM using human annotations: Fine-tuning LLMs and implementing

Retrieval-Augmented Generation (RAG) have been shown to enhance output accuracy

while significantly reducing model hallucinations in software engineering tasks [115,

116, 117]. Based on the manually corrected features, we fine-tuned the model to improve

extraction accuracy. We optimized feature extraction through few-shot prompting and

RAG. We designed structured prompts incorporating human-verified feature mappings

as exemplars, allowing the model to generalize better across new descriptions.

In our approach, we maintained a repository of manually corrected features and

leveraged embedding-based retrieval to fetch the most relevant examples for each input

dynamically. This retrieval mechanism ensured that the model was exposed to high-

quality, domain-specific feature mappings without requiring parameter updates.

Refining features: We ran the fine-tuned model on the descriptions to refine the
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extracted features. In this process, we applied SelfCheckGPT [118], a self-consistency

evaluation method that detects potential hallucinations in LLM outputs. This tool as-

sesses Natural Language Inference (NLI), which measures whether a generated feature

logically follows from the provided description. A high NLI error rate suggests incon-

sistencies or hallucinated content, whereas a low NLI rate indicates stronger alignment

between the input and output. Using SelfCheckGPT, we found that the LLAMA3-8B-

8192 model achieved the lowest NLI error rate (4.96%), meaning only 4.96% of the ex-

tracted features were flagged as inconsistent with their original descriptions. This val-

idation confirmed our model selection as it demonstrated the best reliability in feature

extraction.

Identifying Unique features: The use of different terminologies among developers

may lead to the same feature being expressed in different ways. This inconsistency can

complicate subsequent analysis and not reflect the true nature of the ecosystem. Hence,

to remove potential duplicates and combine differently worded features, first we pre-

processed the features (converting to lowercase, removing stopwords and special char-

acters, and lemmatizing) and then vectorized them with the bert-base-nli-mean-tokens

model [119] to convert to vector embedding. Then, we used the cosine_similarity

function of Scikit_learn library [120] to calculate the Cosine similarity score among

features extracted at both t0 and t1 to identify unique features in the entire datasets and

established a set of "Unique Features" (Figure 2.4). We used the recommended cosine

similarity of 90% [121] to identify high similarity among these features at the two snap-

shots of the same action and between the Actions. Furthermore, we manually checked

the features using crowd-sourcing and combined the similar features as identified by

human annotators.

Identifying Network of Functional Relations

During the initial analysis of the features extracted from the marketplace, we identified

that these tools (and subsequently their providers) are interconnected via the features
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Independent Actions
Independent Action Provider

Subset Actions

Identical Actions Dependent Action
Provider
Intersecting Actions

FIGURE 2.5: A highly connected network of Action functionality in the "Continuous Integration"
category. The red circles represent each publisher connected to their released Actions (demon-
strated in green squares), which are connected to their respective features in blue triangles. We
identified the relations discussed in section 2.4.1 and section 2.4.2 and labeled them in the net-

work.

they offer. We refer to these connections as functional relations and argue that these rela-

tions can be classified into four distinct types: Independent, Subset, Intersect, and Identical

(RQ1). These relationships are formally defined as follows:

Definition 1 (Feature Set). A tool A can be defined as a set of features f1, ..., fn that

describes its functionalities:

A = FA = { f1, f2, f3, ..., fn}

In other words, FA is the feature set of tool A.

Definition 2 (Independent Tools). A is an independent tool if for every feature f in

feature set FA, feature f does not belong to any other tool’s feature set; in other words,

no other tool in the ecosystem has features offered by this tool:

A ∈ Aindependent ⇐⇒ ∀ f ∈ FA| f /∈ F′
A

where Aindependent is a set of all independent tools in the ecosystem.

Definition 3 (Subset Relation). Consider tool A with feature set FA and tool B with

feature set FB. We define A is subset of B if all features in FA are also in FB:
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A ⊂ B ⇐⇒ ∀ f ∈ FA| f ∈ FB ∧ FA ̸= FB

in other words, tool B has all features of tool A with some additional features.

Definition 4 (Identical Tools). These types of tools are a special case of tools with a

subset relation, where tool A with feature set FA and tool B with feature set FB have

identical features:

A = B ⇐⇒ FA = FB

Definition 5 (Intersect Relation). For tool A with feature set FA and tool B with feature

set FB, we define A intersects with tool B if at least one feature in FA is also in FB:

A∩B ⇐⇒ ∃ f ∈ FA| f ∈ FB ∧

FA ̸= FB ∧

A ̸⊂ B ∧

B ̸⊂ A

In other words, tools A and B have at least one feature in common but are not a subset

of each other nor share the exact same features.

We then employed NetworkX and PyVis libraries to construct and visualize the GitHub

Marketplace ecosystem’s network at two distinct time snapshots. NetworkX facilitated

the creation and analysis of complex networks by allowing us to initialize directed

graphs, add nodes representing individual Actions, and define directed edges to denote

dependencies or interactions between them. Additionally, we applied various graph al-

gorithms from NetworkX to explore key structural properties, including degree_centrality

[122] for identifying highly central nodes, connected_components [123] to uncover clus-

ters of related actions, and to detect patterns of common functionalities across the net-

work.

Furthermore, the scalability of graph analysis tools allows for the efficient exami-

nation of large-scale Action networks for larger categories of the marketplace (e.g., CI

category). The most current network (at time t1) is presented in Figure 2.5. The Actions,

features, and publishers are depicted as nodes of green squares, blue triangles, and

red circles, respectively, with edges connecting Actions sharing identical features and

24



publishers. We studied this network to identify the relations and entities formalized in

section 2.4.1 and section 2.4.2 and any other possible relations.

2.4.2 Understanding the role of Providers in the SECO (RQ2)

To examine how provider characteristics relate to the evolution of functional relation-

ships within the GitHub Marketplace SECO, we conducted an empirical study using a

longitudinal analysis [124, 30, 47] of publisher behaviors between two time snapshots,

t0 and t1. Our methodology consists of three key steps: (i) identifying tool providers

and categorizing them as independent or dependent, (ii) tracking their evolution over

time, and (iii) analyzing the role of early contributors in shaping the ecosystem.

Using the established network in section 2.4.1, we identified two relationships be-

tween the providers and the Actions they release: Independent Tool Provider and Depen-

dent Tool Provider. We formally define these as follows:

Definition 6 (Independent Tool Provider). A provider in the SECO is an independent

tool provider if and only if they publish independent tools. Consider provider P pub-

lishing a set of tools AP = {A1, A2, ..., An}, P is Independent Provider if every tool in

AP is an independent tool:

P ∈ Pindependent ⇐⇒ ∀A ∈ AP|A ∈ Aindependent

where Pindependent is a set of independent tool providers in the ecosystem.

Definition 7 (Dependent Tool Provider). A tool provider in the ecosystem is a de-

pendent tool provider if it publishes at least one tool that is not independent. These

providers publish tools that are either a subset of or intersect with other tools. Con-

sider provider P who has published a set of tools AP = {A1, A2, ..., An}, P is dependent

provider if there is one tool in AP that is not an independent tool:

P ∈ Pdependent ⇐⇒ ∃A ∈ AP|A ̸∈ Aindependent

where Pdependent is a set of dependent tool providers in the ecosystem.

To assess how provider relationships evolved, we tracked the functional status of

each provider from t0 to t1. This analysis focused on how previously independent tool
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FIGURE 2.6: Modified Migratory behavior by Sarro et al. [28] where features migrate among
tools (RQ3).

providers transitioned to dependent providers by incorporating or intersecting with

existing functionalities. In the network model, the providers are represented as distinct

nodes (depicted by red circles), each potentially surrounded by multiple Actions they

have published.

2.4.3 Formalized Migratory Behavior in GitHub Marketplace (RQ3)

To address RQ3, we adapted the migratory behaviors outlined by Sarro et al. [28] to fo-

cus on inter-category migrations rather than the intra-category migrations used in their

original study. Sarro et al. [28] identified nine migratory behaviors for features across

different categories at two time points, t0 and t1, separated by at least 33 weeks. We

selected eight of these behaviors and redefined them to track migration across different

Actions, as opposed to categories. This adjustment shifts the focus from inter-category

to intra-category migration. We opted to use eight out of nine of these migratory be-

haviors since one of these behaviors (i.e.“Unborn") is not in the context of our study.
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In the following section, we provide a summary of these eight behaviors and present a

visualization in Figure 2.6.

Weak Migration. A feature has a weak migration if it was present in at least one tool

at t0 and migrated to at least one new tool at t1. The features may disappear from one

or all tools they resided in at time t0 (Figure 2.6 - a).

Strong Migration. Similar to weak migration, a feature has a Strong migration if it

was present in at least one tool at t0 and migrated to at least one new tool at t1 with the

difference that the features remain with all the tools it resided in at t0 (Figure 2.6 - b).

Weak Exodus. This behavior is a special case of weak migration where a feature at

t1 disappears from at least one tool it resided in at t0 and appears in at least one new

tool at time t1 (Figure 2.6 - c).

Strong Exodus. This behavior is another special case of weak migration where a

feature at t1 disappears from all tools it resided in at t0 and appears in at least one new

tool at time t1 (Figure 2.6 - a). While all instances of strong exodus are cases of weak

migration, the converse does not hold.

Birth. This behavior is a special case of Strong Exodus where the feature does not

exist in any tools at t0 and appears in one tool at t1 (Figure 2.6 - d).

Intransitive. In this type of behavior, the feature at t1 does not disappear from any

tool it previously resided in, nor does it appear in any new tool.

Weak Extinction. A feature experiences weak extinction if it disappears from at least

one tool at t1 and does not appear in any new tool (Figure 2.6 - e).

Strong Extinction Similar to weak extinction, the feature is said to have strong ex-

tinction if it does not appear in any new tool at t1 and while disappearing from all tools

(Figure 2.6 - f).

Sarro et al. [28] also defined undead or unborn features as a special case of strong

extinction to be features that are outside of the ecosystem. However, we have not ob-

served such relations in the GitHub marketplace. These defined migratory behaviors in

GitHub Marketplace follow the same subsumption hierarchy as in the original work[28].
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FIGURE 2.7: Count and distribution of relations at t0 (a) and t1 (b). Over time, the number of
Actions that are subsets of other Actions and the number of Identical Actions have decreased,
whereas the counts of Independent and Intersecting Actions have remained relatively stable

with a slight increase (a)

2.5 Empirical Results

In this section, we will examine and discuss our results from analyzing 10,694 features

at time t0 and 16,537 features at t1 across 5,006 Actions in the “Continuous Integration"

category of GitHub Marketplace gathered in section 2.4 to answer our three research

questions.

2.5.1 Functional Evolution in GitHub Marketplace (RQ1)

To address this research question, we extracted functionalities from YAML descriptions,

constructed a network using these functionalities, and identified relationships among

Actions. In the following, we present our results for RQ1.

Mining Functionalities from Action Descriptions

To analyze the functionalities of Actions, we extracted features from the "Continuous

Integration" category using a combination of manual annotations and LLMs. Specifi-

cally, we focused on extracting functional descriptions from action.yml files, as they

provide structured information about each Action’s capabilities.
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Overall, we extracted 21,477 raw features at time t0 and 38,583 raw features at time

t1, requiring further refinement. We refined the extracted features using fine tuned lan-

guage model, which reduced the feature set from 21,477 to 13,994 (34.84% reduction)

at t0 and from 38,583 to 20,569 (46.69% reduction) at t1. Further manual refinements

through crowd-sourcing resulted in 10,694 unique features at t0 and 16,537 unique fea-

tures at t1, which we used for our functional analysis.

Identifying Network of Functional Relations

At t0, we identified 10,694 unique features, with Actions containing between one and

104 features (an average of 3.42 features per Action). Additionally, we identified 1,186

disjoint components, where nodes are interconnected within a component but not con-

nected to any nodes outside of it. Following the definitions provided in Section 2.4.1,

we categorized Actions into 1,417 independent Actions, 503 subset Actions (i.e., a strict

subset of another Action), 1,438 Actions that are identical to at least another Action, and

2,929 intersecting Actions (partially overlapping functionalities). Figure 2.7.a-1 shows

these distributions of these relations with details.

At t1, the ecosystem had grown, containing 16,537 unique features compared to t0,

with each Action possessing between one and 78 features (mean: 4.93 features per Ac-

tion). We identified 1,033 disjoint components, suggesting an increasingly intercon-

nected ecosystem. The distribution of Actions evolved as 1,261 independent Actions,

364 subset Actions, 410 identical Actions, and 3,387 intersecting Actions, which shows a

notable decrease in the number of subset and identical Actions, alongside an increase in

intersecting Actions, suggesting a shift towards greater feature integration and synergy

among Actions. We depicted these distributions in Figure 2.7.a-2.

Over time, the GitHub Marketplace SECO has undergone significant structural changes,

with increasing feature integration, reduction in redundancy, and growth in complex-

ity. The overall number of features increased by 54.64%, while the number of disjoint

functional components decreased by 12.90%, indicating a shift toward a more intercon-

nected and cohesive ecosystem. Between t0 and t1, we observed an 11.01% reduction

29



2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Initial Release Date

0

500

1000

1500

2000

2500

3000

3500

4000

Cu
m

ul
at

iv
e 

Pu
bl

ish
er

 C
ou

nt

Cumulative Publishers

0

1000

2000

3000

4000

5000

6000

7000

Cu
m

ul
at

iv
e 

Ac
tio

ns
 C

ou
nt

Cumulative Actions

FIGURE 2.8: Number of publishers releasing the initial version of their Action over time. As time
progressed, more new publishers and Actions joined the marketplace, whereas 85 publishers

have been producing Actions ahead of their competition since 2015 (RQ2).

in independent Actions, alongside a 15.64% increase in intersecting Actions. This trend

suggests that developers are building on existing functionalities rather than creating en-

tirely distinct Actions, contributing to a more interdependent SECO. Additionally, the

average number of features per Action increased by 44.15%, reflecting growing func-

tional complexity over time.

Interestingly, the number of subset Actions decreased by 27.63%, and identical Ac-

tions dropped sharply by 71.49%, indicating a gradual streamlining of redundant func-

tionalities. This suggests a natural selection process, where functionally identical tools

are either absorbed into broader offerings or evolve into more distinct, specialized tools.

Moreover, we found that Actions are not limited to a single relationship type -many

exhibit multiple forms of interconnection, such as being both a subset and an intersect-

ing Action simultaneously. These "co-occurring relations" contribute to a more intricate

network, where Actions evolve dynamically within the SECO (Figure 2.5).
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2.5.2 Providers’ Role in Functional Relations (RQ2)

We define t0 as the time at which each Action in our dataset is first introduced into the

ecosystem. In total, we identified 3,867 publishers in the ecosystem at this time (first re-

lease of each Action). For this analysis, we ignore the birth and extinction of individual

Actions and providers over time. In Section 2.4.2, we introduced two key provider-

related terms: Independent Tool Providers and Dependent Tool Providers. Independent tool

providers are those in the SECO who exclusively publish independent Actions - that is,

all of their Actions are unique in terms of features and functionality. In contrast, depen-

dent tool providers publish at least one Action that is not entirely unique but is inter-

connected with other Actions, either by being identical to, a subset of, or intersecting

with them. At the time t0, 1,043 of 3,867 publishers were classified as independent tool

providers (26.97% independent and 73.03% dependent tool providers). However, by t1,

this number had decreased to 927, reflecting a 11.12% decline over time. This suggests

that, over time, more publishers are relying on existing features within the ecosystem

to create and maintain their Actions, with fewer publishers remaining completely inde-

pendent in their offerings. This trend may indicate a consolidation within the GitHub

Marketplace, where the number of distinct tools diminishes and more interconnected

tools emerge, hinting at growing competition and/or collaboration among providers.

The slight increase in dependent tool providers from 2,824 at t0 to 2,940 at t1 further

supports this notion of elevated competition and collaboration, as more publishers are

leveraging pre-existing features in the ecosystem.

Early Contributors in GitHub Marketplace

We found that even though the GitHub Marketplace was introduced in 2019, some

publishers have been releasing Actions ahead of their competition from early 2015 to

September 2019 (Figure 2.8). We therefore define these publishers who have released

their Action before 2020 as “early contributors". We identified 85 early contributors in

our ecosystem, releasing 90 actions between them. Among these, only four publishers

release two or more actions before the rest of the competition. These publishers are

31



We
ak

 M
igr

at
ion

St
ro

ng
 M

igr
at

ion
We

ak
 Ex

od
us

St
ro

ng
 Ex

od
us

Bir
th

Int
ra

ns
itiv

e
We

ak
 Ex

tin
cti

on
St

ro
ng

 Ex
tin

cti
on

Migratory Behaviors

0

2000

4000

6000

8000

10000

12000

14000

To
ta

l S
um

FIGURE 2.9: Total sum of features demonstrating each of the eight migratory behaviors (RQ3).

“Azure", “garygrossgarten", “varunsridharan", and “warrenbuckley", None of which

are subsets of any other Actions at t0. Among these publishers, “varunsridharan" is the

only one producing one independent Actions while its other Action intersect with 13

other Actions at t1. On the other hand, the two Actions released by “Azur" intersect 11

times with other Actions while 38 Actions have identical features as those in two Ac-

tions released by “warrenbuckley". This shows that many actions have, in fact, used the

features offered by these four as a template to build their products.

We found eight independent tool providers among early contributors (all releasing

one Action except one) out of which half remain independent at t1 while the rest trans-

form into dependent tool providers.Furthermore, we identified 77 early contributors

that are also dependent tool providers at t0. The majority of these contributors release

only one Action, with four contributors releasing two or more Actions. Among these

contributors, seven transform into independent tool providers.

In summary, our analysis reveals a significant evolution in the ecosystem from t0 to

t1. Initially, a substantial portion of publishers operated as independent tool providers,

but over time, the landscape shifted towards a greater reliance on interconnected fea-

tures, evidenced by the decline in independent offerings and the increase in dependent
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FIGURE 2.10: Correlation among functional relations and migratory behaviors in the SECO
(RQ3).

tool providers. This transition suggests a trend towards greater collaboration and com-

petition within the GitHub Marketplace, with publishers increasingly integrating and

building upon existing features. The identification of “early contributors", who released

Actions before the official marketplace introduction, underscores the role of early inno-

vation in shaping the current ecosystem. Notably, while some early contributors re-

mained independent, many others have transitioned towards a model of intersecting

with other Actions to some degree, indicating that the Actions of these early contribu-

tors have become a building block for other Actions. Thus, the results suggest that as

the marketplace matures, the increasing interplay between independent and dependent

tool offerings reflects a shift towards a more interconnected and dynamic ecosystem.

This reshaping of the competitive and collaborative landscape aligns with the observed

patterns of integration and adaptation among publishers.
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2.5.3 Migratory Behavior of Actions in the SECO (RQ3)

To address this research question, we identified a total of 19,099 unique features within

the SECO. For each feature, we analyzed its presence at two time points, t0 and t1,

to classify its migratory behavior according to the eight types defined in Section 2.4.3.

Figure 2.9 illustrates the frequency of each migratory behavior observed among the fea-

tures in the ecosystem. Our analysis shows that Weak Migration is the most common

behavior, followed by Birth, Intransitive, Weak Extinction, Strong Extinction, and Weak

Exodus. We did not observe any Strong Migration or Strong Exodus. This pattern in-

dicates that migration and growth (Birth) are the dominant dynamics within the SECO.

In contrast, intransitive behaviors and extinctions occur frequently but are not as dom-

inant, suggesting that the SECO is in a growth phase with new features and products

continually entering the market and existing ones being modified.

We also calculated the correlation between the functional relationships discovered

in the SECO and the migratory behaviors (Figure 2.10). Our findings reveal a high cor-

relation among migratory behaviors (likely due to their hierarchical relationships [28]).

Additionally, there is a moderate correlation between an Action being independent at t0

and remaining independent at t1, as well as between an Action having intersections at

t0 and also having intersections at t1. Actions with features exhibiting Weak Migration

or Weak Exodus behaviors are more likely to evolve to intersect with other Actions and

less likely to remain independent.

Furthermore, we analyzed the distribution of each migratory behavior across all Ac-

tions (Figure 2.11). Our findings show that every Action contains at least one feature

exhibiting one of these migratory behaviors. Specifically, the behaviors associated with

growth, weak migration and birth, are the most dominant, with the highest average

occurrences per Action. In contrast, the absence of Strong Migration and Strong Exo-

dus indicates that features are highly dynamic, rarely remaining within or completely

disappearing from their initial host.

In summary, our analysis of the SECO reveals that migration and growth behaviors

are dominant, reflecting an ecosystem that is actively evolving with new features and
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products entering the market. The Dominance of Weak Migration and Birth behaviors

demonstrates the dynamic nature of the ecosystem, where features frequently transition

to new Actions and new features emerge regularly. Meanwhile, the absence of Strong

Migration and Strong Exodus behaviors suggests that while features are highly mobile,

they rarely remain with or entirely leave their initial host. The moderate correlations ob-

served between functional relationships and migratory behaviors further indicate that

Actions with certain characteristics are more likely to exhibit specific types of migration.

These insights provide a deeper understanding of the evolutionary processes within the

SECO and highlight areas for future research to explore how these dynamics might in-

fluence the long-term stability and growth of the ecosystem.

2.6 Discussion & Future Works

GitHub Marketplace is an example of SECOs for developers to share their automa-

tion solutions in the form of Actions. Since its release in 2019, the marketplace has

experienced an exponential increase in the number of Action and providers. Even

though there have been many studies concerning Actions and their use in GitHub-

hosted projects, very few studies have targeted the GitHub marketplace itself. We per-

formed an evolutionary analysis of the Actions in the marketplace to provide Action

developers with knowledge of how their product might evolve and how they can em-

ploy these evolutionary patterns to maintain a successful product.

2.6.1 Evolutionary Analysis of Actions

In this study, we focused on “Continuous Integration" Actions available on the GitHub

Marketplace. We identified 5,006 Actions for our analysis and extracted a total of 19,099

features at two time points in the version history of the Actions. We noted that the Ac-

tions have become more complex over time, with a higher average number of features

per Action. Additionally, the Actions have been shown to evolve to have higher synergy

with less number of independent Actions. Furthermore, this synergy is rarely the case
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where the Actions are a subset of or identical to each other and happen when their fea-

tures tend to overlap. We also found that independent Actions are more likely to retain

their status than other types of Actions, even though the number of such Actions is de-

clining. Independent Actions represent the most novel form of creativity in the SECO,

where the features are unique and uncommon. Hence, a decrease in independent Ac-

tions can be a sign that the existing Actions contain most of the required features by

the developers, and creating an optimal workflow for automation is a matter of finding

the "right" combination of Actions. Furthermore, we found that there are Actions in

the SECO that are used as the foundation for other actions, where developers modify

existing Actions by adding additional features. Even though we did not consider fea-

ture content and characteristics in this study, future work could explore these aspects

in detail to uncover how specific feature types, such as performance optimizations or

integration functionalities, drive ecosystem dynamics and user adoption. This could

complement our findings and provide a deeper understanding of the role of feature

evolution in shaping software ecosystems

2.6.2 Super Action Concept

Considering the fact that the set of automation goals is finite and the existence of many

Actions with overlapping features raises an interesting question regarding the value of

developing a single comprehensive "Super Action" that automates multiple tasks simul-

taneously versus using independent Actions as modular building blocks to build highly

customized workflows. In Figure 2.12, we illustrate a conceptual "Super Action", where

the value of each feature (represented by bubble size) must strike a balance with the de-

pendencies and synergies among co-occurring features. To better tailor and customize

Actions for repository automation, it is crucial to develop methods for quantifying the

synergy among tasks automated by GitHub Actions. Additionally, investigating the

value and synergy inherent in these tasks is essential. Constructing the feature set for

such Super Actions can be approached as a search problem, similar to the techniques

used in release planning by Nayebi et al. [52]. Answering these challenges and their
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FIGURE 2.11: Distribution of migratory behavior in the Actions in SECO (RQ3).

implications is left for future studies where one can explore whether creating a Super

Action offers strategic advantages or if developers prefer to build their workflows using

modular components like independent Actions. Overall, we found that the functional

relations in the GitHub Marketplace SECO have evolved into a complex and intricate

network where many Actions share common features.

2.6.3 Provider Patterns and early contributors

We extended our analysis by examining the influence of provider patterns on the evolu-

tion of functional relationships within the SECO. Our dataset revealed 3,869 providers,

categorized into independent and dependent tool providers. Over time, the evolution of

these functional relationships indicated a notable shift towards dependency, with more

providers relying on existing features to maintain their products rather than creating

novel, independent tools. Additionally, we investigated the role of early contributors in

driving this evolutionary process. We identified 85 early contributors, whose Actions
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exhibited significant overlap with other Actions over time, manifesting as subsets, in-

tersecting, or identical relationships. These overlaps suggest that the feature sets devel-

oped by early contributors have become foundational for other providers, influencing

the creation of new tools. The degree to which these feature sets are “good enough" or

require further enhancement, as seen in SECO’s evolution, remains an open question

for future research.

2.6.4 Migratory Patterns of Features

We also explored the functional evolution of features through the lens of predefined

migratory patterns as described by Sarro et al. [28]. By analyzing 19,099 features at

two points in the version history of Actions within SECO, we observed that features

have evolved to exhibit behaviors consistent with growth and migration across Actions.

Additionally, certain migratory behaviors, such as weak migration, exodus, and birth,

were found to increase the likelihood of feature intersections among Actions. These be-

haviors suggest that features are not only evolving but also being redistributed or repur-

posed, reinforcing functional overlaps within the ecosystem. Future studies could delve

deeper into the dynamics of these migratory behaviors by examining their long-term

effects on tool innovation and diversity. Specifically, investigating whether features as-

sociated with exodus or weak migration signal a decline in originality, or whether they

act as stepping stones for functional synergy, could provide insights into how the SECO

evolves to either foster or limit innovation.

In conclusion, our study provides a comprehensive evolutionary analysis of GitHub

Marketplace’s SECO, specifically focusing on “Continuous Integration" Actions. The

findings highlight the increasing complexity of Actions, a growing reliance on shared

features, and a shift towards dependent tools over time. Early contributors play a crucial

role in shaping the ecosystem, with their feature sets serving as a foundation for future

development. The migratory patterns of features further demonstrate how functional-

ities are repurposed, contributing to the ecosystem’s dynamic nature. Future research

should investigate the long-term impact of these patterns on innovation, particularly
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whether they drive or constrain the diversity of tools and features within the ecosys-

tem.

2.7 Threats to Validity

In this section, we will examine threats to the validity of our study and results. During

the study, we took precautions to ensure we were limiting the threats to the validity of

results however, our results are still under the influence of the following threats:

Internal Validity concerns whether the observed changes in our dataset over time

can be attributed to genuine shifts in the ecosystem rather than confounding factors.

We aimed to ensure internal validity by employing consistent methodologies for feature

extraction and network analysis across both time points. The significant increase in the

number of features and the decrease in disjoint components suggest substantial changes

in the ecosystem’s interconnectedness, supporting the validity of our findings.

Despite our efforts, there are potential threats to internal validity. We utilized LLMs

for feature extraction, which, while leveraging state-of-the-art techniques to minimize

hallucinations and enhance accuracy, may still introduce errors due to the inherent lim-

itations of these models. Although we manually labeled a small sample to fine-tune

the model and consolidated the extracted features using cosine similarity and crowd-

sourcing, some inaccuracies may persist, potentially affecting our results. Additionally,

the process of Action extraction involved using keywords, sorting algorithms, and web

crawlers. Even though we managed to extract 96.34% of actions in the SECO, there is

a possibility that some Actions were overlooked or not fully captured. This could lead

to an incomplete dataset, which might influence the accuracy and completeness of our

analysis. Thus, while our methodology strives to ensure robust internal validity, these

potential issues should be acknowledged and considered when interpreting our find-

ings.

Construct Validity ensures that our measures and analyses accurately capture the

theoretical constructs we intend to study. In this analysis, we defined and categorized

actions based on their feature relationships (e.g., independent, subset, intersecting) and
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tracked changes over time. Our use of network analysis to identify and categorize these

relationships aligns with the theoretical constructs of feature interconnectedness and

ecosystem complexity. However, the accuracy of these constructs relies on our theo-

retical definitions and the quality of our feature extraction. Future work could further

validate these constructs by comparing them with other established metrics of ecosys-

tem complexity and feature integration. Our reliance on the descriptions provided in

the action.yaml file, which depends on developers accurately recording the function-

alities of Actions, presents another risk. In some cases, developers may not have fully

or correctly documented the functionalities, leading to discrepancies between the actual

and recorded features of the Actions.

External Validity pertains to the generalizability of our findings beyond the spe-

cific dataset and time frame analyzed. Our study focuses on the GitHub Marketplace’s

"Continuous Integration" category, which may not fully capture the dynamics of other

categories or comparable ecosystems. Although the observed trends - such as increased

feature overlap and reduced redundancy - offer valuable insights into this specific do-

main, caution should be taken when extending these conclusions to other categories or

platforms. However, the identified relations and the methodologies themselves can be

used for any SECO with minimal modification. To enhance the generalizability of our

results, future research could explore whether similar patterns emerge across different

categories or software ecosystems.

Conclusion Validity evaluates whether our statistical analyses support the conclu-

sions drawn about the relationships and trends observed in the data. The observed in-

crease in feature counts, changes in action relationships, and the evolution of indepen-

dent and intersecting actions are based on rigorous statistical analyses of the dataset.

The significant reductions in redundant and independent actions, along with the in-

crease in feature overlaps, support our conclusions about the growing interconnected-

ness of the ecosystem. Nevertheless, ensuring the robustness of these conclusions re-

quires consideration of potential limitations such as sample size, feature extraction, and

the accuracy of our theoretical definitions. First, while our sample size is substantial,
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FIGURE 2.12: An example of the value of features and their co-occurrences and the concept of
SuperActions.

future research could benefit from larger and more diverse samples to enhance gener-

alizability. Despite our efforts to maintain the consistency of extracted features, there

could still be inaccuracies in feature identification and categorization. Additionally,

the accuracy of our theoretical definitions is critical. Furthermore, we have assumed

that the Action developers use the action.yaml as a technical interface and accurately

record the functionalities offered by their actions in this document. However, any model

limitations or assumptions might influence the observed trends. Addressing these fac-

tors through additional validation and refinement of our methods will be crucial for

ensuring the robustness and reliability of our conclusions.

2.8 Conclusion

GitHub Marketplace is a unique source of data in the sense that it allows access to both

open source data and developer activities. Utilizing this platform, we gathered 6,983

Actions from GitHub Marketplace to understand how the automation tasks are defined

and connected among Actions in the SECO. Through our mining and graph analysis,
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we identified independent and overlapping Actions and found that Actions evolve to

have more intricate interconnected functional relations. We identified 3,869 publishers

and discovered that developers often use Actions created by early contributors as foun-

dational elements for their products. Additionally, we analyzed 20,898 features and

categorized them according to their migratory behavior. Our findings reveal high fea-

ture birth and migratory behavior (e.g., Weak Migration), indicating that features not

only evolve but are also repurposed within Actions. This leads to an increasing inter-

connectedness within the SECO. In future studies, we aim to investigate the possibility

of creating “Super Action" further by developing methods to measure the value and

synergy among automated tasks within GitHub Actions, while evaluating the benefits

of creating “Super Actions" versus customized workflows built from independent Ac-

tions.
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Chapter 3

Chapter Three: The Impact of

Foundational Models on

Patient-Centric e-Health Systems

Abstract

As AI becomes increasingly embedded in healthcare technologies, understanding

the maturity of AI in patient-centric applications is critical for evaluating its trustwor-

thiness, transparency, and real-world impact. In this chapter, to address Objective 2 and

Objective 3 of this thesis, we investigate the functional maturity, specifically integration

and maturity of AI feature in 116 patient-centric healthcare applications. Using LLMs,

we extracted key functional features, which are then categorized into different stages

of the Gartner AI maturity model. Our results show that over 86.21% of applications

remain at the early stages of AI integration, while only 13.79% demonstrate advanced

AI integration.
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3.1 Introduction

AI is rapidly gaining traction across various sectors, including health care. However,

the current state and maturity of its integration into real-world mobile health applica-

tions remain largely underexplored. In particular, it is not yet clear who the primary

users of these AI-enabled features are, patients or health care providers, and for what

specific purposes they are being employed. FMs, large-scale AI models trained on di-

verse and extensive datasets, have recently emerged as a transformative force across

multiple domains. These models, including LLMs, vision models, and multimodal sys-

tems, are increasingly integrated into the sociotechnical landscape due to their capacity

to generalize tasks with minimal fine-tuning. Among the many sectors exploring their

potential, health care stands out for its growing efforts to harness FMs to support clinical

decision-making, streamline workflows, and enhance the quality of patient care.

Within this context, Health Foundation Models (HFMs) have emerged as a spe-

cialized subclass of FMs trained on biomedical literature, Electronic Medical Records

(EMRs), clinical notes, and other health-related datasets [23]. These models are designed

to enable a wide range of applications, from predictive diagnostics and personalized

treatment recommendations to natural language interfaces for clinical systems. HFMs

are particularly promising for advancing patient-centric e-Health solutions, where AI-

driven tools aim to empower patients, increase engagement, and support the delivery

of tailored, high-quality care.

Despite these opportunities, integrating HFMs into real-world healthcare settings

presents significant challenges [24]. Key concerns include data privacy, model trans-

parency, algorithmic bias, regulatory compliance, and the risk of overreliance on AI

in high-stakes clinical decisions. For instance, the use of underrepresented data in

training can lead to biased outcomes, amplifying health disparities among patients of

color. Moreover, aligning these models with patient-centred values, such as trust, inter-

pretability, and inclusivity, remains an ongoing area of research. As such, understand-

ing the current landscape of patient-centric e-Health and the role HFMs may play in

shaping its future is both timely and necessary.
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App stores, especially the Google Play Store, have shown great potential as a valu-

able resource for analyzing trends, identifying popular categories, and understanding

the competitive landscape in the digital health space [17, 18]. When developing a new

mobile application, it is crucial to understand the surrounding ecosystem, such as the

app store environment. Mining app store data provides invaluable insights into widely

adopted features and emerging services, enabling companies to identify proven func-

tionalities that can be seamlessly integrated into existing applications. Market entry

decisions should be informed by comparative analyses of competing applications, both

in terms of functionality and the maturity of those features. This process aligns with

the growing emphasis on data-driven approaches in software evolution and require-

ments engineering, where feature reuse plays a key role in accelerating development

and improving software reliability [19, 20]. The use of mobile app stores also taps into

the concept of multi-sided markets, where diverse stakeholders, including app devel-

opers, end-users, and service providers, can collaborate to offer innovative solutions.

This dynamic allows companies to leverage services and features from a wide array of

developers, reducing costs and enhancing the overall value proposition of their apps [5,

21, 7]. In the context of digital health, such strategies can significantly improve the

functionality and user appeal of apps, positioning them as competitive and feature-rich

solutions within the rapidly evolving e-Health ecosystem [125, 126, 127].

In this study, we aim to understand the current landscape of patient-centric e-Health

and the role of FMs within this context by examining the e-Health solutions available

on the Google Play Store (Objective 2). We address the following research questions:

RQ1: What is the current status quo of FM integration in e-Health applications?

To address this question, we identified 116 applications on the Google Play Store that

focus on patient support. We systematically mined the data for each application and

extracted the functionalities using state-of-the-art methods. By analyzing the features

offered by these apps, we assessed the extent to which AI and FM have been integrated

into their systems.
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FIGURE 3.1: Overview of the methodology. In part 1, we prepared a dataset to fine-tune the
LLaMA model. In part 2, we used the fine-tuned model to extract features from each application,
followed by the consolidation of similar features. In part 3, we categorized each application into

one of the AI maturity levels based on the Gartner model.

RQ2: Given the growing popularity of FMs, what is the current state of AI matu-

rity in e-Health applications?

To address this question, we utilize the AI maturity model introduced by Gartner

Group [68], a widely adopted framework in both research and practice for assessing the

level of AI maturity within organizations. We categorized the applications in our dataset

according to this model and examined the impact of AI maturity on the popularity of

the applications (Objective 3).

We review related work in Section 3.2, describe our methodology in Section 3.3,

present results in Section 3.4, and discuss findings in Section 3.5. Section 3.6 outlines

validity threats, and Section 3.7 concludes the paper.

3.2 Related Studies

AI has seen widespread adoption in healthcare, particularly in diagnostics, treatment

planning, and operational efficiency. Secinaro et al. [128] reviewed 288 multidisciplinary

studies, identifying key trends in health service management, diagnostics, and predic-

tive medicine. Similarly, Al Kuwaiti et al. [129] emphasized AI’s transformative im-

pact, especially during COVID-19, across virtual care, drug discovery, and adminis-

tration, highlighting ethical, technical, and governance challenges. Despite focusing

on the provider side of the applications, AI’s role in patient-centric technologies re-

mains underexplored. This is notable given patients’ growing use of digital tools for

self-monitoring, education, and early diagnosis.
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AI maturity models have primarily been developed to assess organizational readi-

ness or the technical robustness of AI systems. These models typically evaluate dimen-

sions such as explainability, adaptability, and data handling capabilities and have been

extensively studied in academia [69, 68, 70, 130, 70, 131]. However, their application to

consumer-facing healthcare tools is limited. Our work addresses this gap by mapping

observable features of healthcare applications to an AI maturity spectrum, offering a

novel lens for evaluating their technical evolution and potential risks.

Prior work has used NLP, heuristics, and crowdsourcing to classify healthcare apps

by functionality or compliance [132, 133, 134, 135]. While LLMs show promise in Re-

quirements Engineering tasks such as feature extraction, testing, etc., and can approxi-

mate human judgment [98, 99, 103, 110], challenges like hallucination and lack of trans-

parency persist. We address this by integrating fine-tuned LLMs with crowdsourced

validation for more robust AI feature extraction.

3.3 Methodology

To achieve the objectives of this study, we first extracted e-Health-related applications

using google-play-scraper [136] library. The applications were identified using the

following keywords: "Patient engagement", "Healthcare community", "Chronic disease

management", "Health management", "Peer support health", "Patient support network",

"Health social network", "Digital health engagement", and "Health community app".

For each application, we extracted the following metadata: appId, title, score, genre,

price, free, description, developer, and installs.

To identify key functionalities of the apps (RQ1), we leveraged LLMs for feature ex-

traction using app descriptions by modifying the pipeline for the feature extraction in

Section 2.4. Given the growing success of LLMs in RE tasks and their ability to approx-

imate human evaluation [98, 99, 103, 110], we selected the llama3.1-8b model after
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manual comparison across candidates. The model was prompted to extract raw fea-

tures, and a manual review of 146 randomly selected features revealed a 6.16% inac-

curacy rate. These were corrected to improve alignment with app descriptions. To en-

hance accuracy and reduce hallucinations, we fine-tuned the model using the corrected

samples and re-ran it on the dataset. Since similar features can appear under different

phrasings, we normalized and lemmatized the extracted features, converted them into

vector embeddings using bert-base-nli-mean-tokens[119], and applied cosine simi-

larity (threshold = 0.9[121]) via scikit-learn [120] to cluster and consolidate dupli-

cates. Final refinements were made with human validation through crowd-sourcing.

The overview of the feature extraction methodology is depicted in Figure 3.1.

Using these extracted features and discussions with experts in the e-Health applica-

tion development field, we manually classified each application into one of the levels of

the AI Maturity Model (RQ2). This framework is widely used in the industry to mea-

sure the maturity of companies and their products in terms of AI capabilities [137] (more

details in Section 3.3.1). Finally, we performed a comprehensive analysis of the data to

assess the impact of FMs on the e-Health landscape, providing insights into how AI in-

fluences the development and adoption of e-Health solutions. The replication package

used in this study is provided in our GitHub repository [138].

3.3.1 AI Maturity Model

With the growing adoption of AI and FMs, organizations increasingly use AI matu-

rity models (AIMMs) to guide and assess their integration efforts [69]. Among avail-

able frameworks, the Gartner AI maturity model [68, 70] is widely referenced in both

academia and industry [69, 130, 70, 131]. We adopt this model to evaluate the level of

AI integration in patient-centric applications. It defines five distinct levels of maturity:

• Awareness: AI-related discussions occur informally and lack strategic direction,

with no pilot initiatives underway.

• Active: Organizations begin exploring AI through pilot projects or proofs of con-

cept, and preliminary conversations around standardization start to emerge.
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FIGURE 3.2: Analysis patient-centric e-Health apps includes: (1) keyword distribution, (2) rat-
ings distribution, (3) genre distribution, (4) log-scale install count distribution.

• Operational: At least one AI initiative is deployed in a production setting, sup-

ported by dedicated budgets, executive sponsorship, and access to internal AI

expertise and best practices.

• Systematic: AI is embedded in the design of new products and services, and em-

ployees across departments incorporate AI into processes and applications.

• Transformational: Although not explicitly defined in detail, this stage implies a

comprehensive and strategic integration of AI that fundamentally reshapes orga-

nizational operations, driving sustained innovation and competitive advantage.

Gartner reports [68] highlight that most organizations are still in the early stages of

AI maturity, with barriers such as identifying high-impact use cases, privacy concerns,

integration challenges, and unrealistic timelines.
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3.4 Preliminary Results

We identified 186 applications using the keyword-based approach described in Sec-

tion 3.3. However, upon manual inspection, we found several applications unrelated to

healthcare. Broad terminologies such as “community” and “network” led to the inclu-

sion of general-purpose social media platforms, such as Facebook and Reddit. To ensure

the relevance of our dataset, we manually excluded these unrelated entries, resulting in

a refined set of 116 patient-centric applications that offer various forms of support to

patients. Figure 3.2-1 illustrates the distribution of collected applications based on the

keywords used during extraction.

Applications on the Google Play Store can be either free or paid. In our dataset, only

one application required payment to install; the rest were free to download, although

many included in-app purchases or required referral codes for access to specific fea-

tures. App ratings and install counts are widely used as proxies for popularity [139,

140, 141]. The average rating across the applications was 3.32, on a scale from 0 to 5,

with the distribution shown in Figure 3.2-2.

Given the wide variance in install counts, we applied a logarithmic transformation

to normalize the data. After this transformation, the average log-scaled install count

was 4.53, corresponding to an average of 33,884 installs per application (Figure 3.2-4).

Moreover, the majority of applications in our dataset are categorized under the “Med-

ical” and “Health & Fitness” genres in the Google Play Store, with fewer classified as

“Education” and “Social” (Figure 3.2-3).

3.4.1 Functionalities in e-Health Applications (RQ1)

In total, we extracted 942 unique features across 116 applications in our dataset using

the methodology outlined in Section 3.3. After consolidating these features to remove

duplicates and variations in phrasing, we found that the average number of features per

application was 11.12. This suggests that, on average, each application offers a moderate

range of functionalities tailored to patient support and care.
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Figure 3.3 presents a heatmap of the top 10 features and their co-occurrence with

other features. The diagonal elements of the heatmap represent the frequency with

which the apps in our dataset offer each feature. Among the most popular features,

we identified “Provide Health Data" (offered 21 times), “Access Medical Record" (14),

“View Medication" (10), “Symptom Tracking" (9), and “Schedule Upcoming Appoint-

ment" (9). These features stand out as essential components of patient-centric e-Health

solutions.

Additionally, our co-occurrence analysis revealed interesting patterns of feature in-

teractions. For instance, “Provide Health Data" showed a weak co-occurrence with both

“Symptom Tracking" and “View Medication", suggesting that while the apps commonly

offer these features, they are not often combined in the same application. Similarly,

“Symptom Tracking" exhibited weak co-occurrence with “Mood Tracking", indicating

that while both are related to monitoring patient well-being, they are not frequently

integrated in the same app. These findings provide valuable insights into the feature

landscape of patient-centric e-Health applications and their design patterns.
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3.4.2 Extent of AI Maturity in Digital Health landscape (RQ2)

We manually categorized each application using the extracted features in our dataset

based on the levels defined in the AI maturity model (Section 3.3.1), which reflects the

extent to which artificial intelligence is integrated into an application’s core function-

alities. Among the 116 applications analyzed, 70 were classified in the “Awareness”

stage, indicating minimal or superficial use of AI, such as basic rule-based systems or

static information delivery. This was followed by 30 applications in the “Active” stage,

where AI functionalities are present but limited in scope, and 11 in the “Operational”

stage, representing more consistent and interactive AI features. Only five applications

reached the “Systematic” stage, indicating a deeper and more integrated use of AI across

multiple aspects of the application. Notably, no applications were found in the “Trans-

formational” stage, which would indicate a paradigm shift enabled by AI, such as per-

sonalized treatment recommendations or autonomous health decision support.

To examine the potential relationship between AI maturity and user perception, we

plotted the distribution of applications across AI maturity levels alongside their average

user ratings (Figure 3.4). Although a higher AI maturity level does not necessarily guar-

antee higher user satisfaction, the data indicate a positive trend: Applications in higher

AI maturity generally receive better average ratings than those in lower tiers. Addi-

tionally, we calculated the correlation between AI maturity levels and app popularity

metrics, including user ratings and number of downloads (Figure 3.5). Our analysis

revealed a weak but positive correlation (0.30) with both metrics, suggesting that ap-

plications may experience positive gains in user engagement and perceived value as AI

maturity increases.

3.5 Discussion

Our analysis of 116 patient-centric e-Health apps provides key insights into AI integra-

tion and maturity. We will discuss our findings in the following section.
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3.5.1 Integration of AI & FMs in e-Health Applications (RQ1)

The feature extraction process revealed that while AI functionalities are present in many

patient support apps, they are often limited in scope and depth. Most applications rely

on basic automation, chatbots, or rule-based personalization features, suggesting that

AI integration is still predominantly at the surface level. Advanced functionalities lever-

aging deep learning or FMs, such as predictive analytics, intelligent recommendations,

or context-aware feedback, remain relatively rare. This gap indicates that the full poten-

tial of FMs in e-Health is yet to be realized, particularly in patient-facing solutions.

Additionally, many commonly recurring features (e.g., providing health data, symp-

tom tracking, accessing medical records) do not require high-level AI capabilities but

indicate strong UX practices and user-centric design. This suggests that, at present, the

value proposition of many e-Health apps lies more in usability and accessibility than in

sophisticated AI-driven functionality.

3.5.2 AI Maturity and Its Impact (RQ2)

The classification of applications using the AI Maturity Model revealed that many apps

fall within the Awareness or Active stages. Only a small fraction have reached the Oper-

ational or Systematic levels, with none qualifying as Transformational. This finding sup-

ports broader observations in the literature [68, 69] that healthcare organizations often

struggle to scale AI initiatives beyond isolated use cases.

One important implication is that although the e-Health ecosystem is rich in exper-

imentation, it lacks systemic integration of robust, scalable AI capabilities aligned with

clinical workflows. This fragmented maturity also limits the ability of HFMs to deliver

on their promise in patient-centric contexts, as their deployment often requires a sophis-

ticated digital infrastructure and trust-enabling mechanisms, such as explainability and

compliance frameworks.

Moreover, we observed a positive correlation between higher AI maturity levels

and indicators of popularity (e.g., higher ratings or install counts), hinting at a market

preference for more intelligent, responsive, and context-aware applications. However,
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causality cannot be conclusively established, and further studies are required to exam-

ine whether AI maturity directly contributes to user retention and app success or if both

are consequences of more capable development teams, better funding, or any other fac-

tors..

3.5.3 Implications for Industry and Research

From an industry perspective, our findings highlight an opportunity for developers and

healthcare providers to more strategically adopt AI capabilities, especially those en-

abled by FMs. Rather than focusing solely on technological novelty, developers should

prioritize functionalities that demonstrably improve patient engagement, care coordi-

nation, and long-term health outcomes. As demonstrated in this study, reusing proven

functionalities via app store mining can accelerate the development of robust, AI-enhanced

features without reinventing the wheel.

For researchers, this study underlines the need to bridge the gap between FM in-

novation and real-world implementation in patient-facing tools. Current research in

HFMs tends to prioritize model performance on benchmark datasets; however, prac-

tical deployment in e-Health settings requires a concurrent focus on usability, safety,

interpretability, and alignment with regulatory and ethical frameworks. Future work

may explore more nuanced maturity models tailored to healthcare applications, incor-

porating clinical validation, user trust, and interoperability dimensions.

3.6 Threats to Validity

This section discusses threats to the validity of our study. Despite careful execution, our

findings may be influenced by the following:

Construct Validity: Construct validity concerns whether our study accurately cap-

tures the concept of AI maturity and functional integration. To ensure the validity of our

study, we built on established frameworks and iteratively refined our schema through

team discussions. However, classifying AI capabilities and maturity levels inevitably

involves subjective judgment, which may have introduced bias.
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Internal Validity: Our results are based on observable features extracted from ap-

plication descriptions during data collection. However, some applications may possess

hidden or backend AI functionalities that are not publicly documented. Moreover, we

employed LLMs to extract features that introduce the risk of hallucination. To mitigate

these concerns, we developed a domain-informed set of keywords to identify patient-

centric applications in consultation with experts in the field. Feature extraction was

performed using a fine-tuned model, and we manually verified the validity of the ex-

tracted features through crowdsourced evaluation.

External Validity: External validity pertains to the generalizability of our findings.

Our study focused on a curated sample of 116 patient-centric e-Health applications from

a major marketplace, which may not represent other health technologies. However,

our dataset’s diverse functionality and geographic coverage clearly represent current

market practices.

Conclusion Validity: Conclusion validity addresses the reliability and robustness of

our interpretations. We refrain from making causal claims while we report descriptive

statistics and comparative analyses. Our categorization process, though systematic, is

based on qualitative judgments and may be subject to coder bias. To mitigate this, we

used team-based coding, maintained detailed decision logs, and reached a consensus

on ambiguous cases.

3.7 Conclusion

This Chapter offers a first-of-its-kind analysis of AI maturity and functional integra-

tion across 116 patient-centric e-Health applications. Our findings reveal their adop-

tion remains limited and often superficial despite growing interest in AI, particularly

Foundation Models. Most applications operate at lower levels of AI maturity, with

few leveraging advanced capabilities such as personalized insights or conversational

support. Nevertheless, we observe early signals of a shift toward more context-aware,

patient-centred AI. As the ecosystem evolves, developers, researchers, and regulators

must collaboratively ensure that future integrations are transparent, safe, and aligned
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with clinical and user needs. This work lays the groundwork for understanding the

emerging role of FMs in e-Health and calls for continued empirical monitoring of their

real-world adoption.
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Chapter 4

Chapter Four: Conclusion and

Future Work

This thesis explores two distinct, yet methodologically aligned, case studies, follow-

ing the guidelines proposed by Wohlin et al. for designing experiments in the field

of software engineering [142]: the GitHub Marketplace as a SECO and the landscape

of patient-centric e-Health applications. While each chapter addresses different con-

texts, open-source automation tools versus clinical digital health, the underlying goals

were similar: to analyze functional evolution, understand actor behavior (developers or

providers), and investigate the emergence of complex and interconnected functionali-

ties. This work contributes novel insights into how functionalities migrate, interconnect,

and mature in dynamic ecosystems by applying empirical methods, feature extraction

techniques, and graph-based modeling.

4.1 GitHub Marketplace SECO

In our investigation of the GitHub Marketplace, we analyzed 6,983 Actions and uncov-

ered structural patterns in how automation functionalities are developed and reused.

The dataset included 3,869 providers and over 20,000 extracted features. Our analysis
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revealed that Actions tend to evolve from independent functionalities to more intercon-

nected, functionally rich tools. Notably, early contributors play a central role in shap-

ing workflows, with their Actions forming the backbone for later developments. The

high incidence of feature migration, especially Weak Migration, suggests that develop-

ers often adapt and recombine features across contexts, reinforcing the modular and

collaborative nature of the SECO. These dynamics point toward an emergent functional

synergy among Actions and set the stage for future innovations such as Super Actions.

4.2 Functional Maturity in e-Health Applications

Our second study focused on 116 patient-centric e-Health applications, evaluating their

level of functional maturity and depth, with particular emphasis on AI-related features.

Despite the increasing prominence of FMs, our findings indicate that most applications

still rely on shallow implementations of AI-related features, offering limited person-

alization, adaptiveness, or contextual intelligence. Only a few systems demonstrated

meaningful functional integration, such as conversational agents or dynamic feedback.

However, we detected early signs of progress, particularly in applications aiming to

become more context-aware and patient-centric. These findings underscore the gap be-

tween technological potential and practical implementation in e-Health and highlight

the need for regulatory, clinical, and technical collaboration to ensure ethical and effec-

tive AI adoption.

4.3 Future Work

While this study offers valuable insights into two distinct types of software ecosystems,

the GitHub Marketplace and patient-centric e-Health applications from the Google Play

Store, several areas remain open for further investigation. In the context of the GitHub

Marketplace, future work could involve understanding and quantifying the feature

overlap and intersection among GitHub Actions through traceability techniques. An-

other venue for future work in this context could be the semantic analysis of feature
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content, focusing on specific types of features, such as performance enhancements or

integration functionalities, and their influence on ecosystem dynamics. This could help

clarify the role of individual features in driving the evolution of Actions, as well as their

impact on user adoption and tool innovation. Moreover, a deeper investigation into the

concept of Super Actions, comprehensive tools that consolidate multiple functionalities,

could provide valuable insights into whether they offer strategic advantages over more

modular approaches that use independent Actions to build customized workflows. Fu-

ture studies could also explore longitudinal changes in provider behavior and feature

evolution, examining whether the decline of independent Actions represents a satura-

tion point or a shift toward a more collaborative ecosystem. Additionally, integrating

user feedback and real-world usage data, such as adoption rates and developer engage-

ment metrics, could yield a more nuanced understanding of how these evolutionary

patterns manifest in practice.

For the e-Health applications, future research should focus on bridging the gap

between AI maturity and its practical deployment in real-world healthcare settings.

Further investigation is needed to understand how FMs can be better integrated into

patient-facing applications, focusing on their usability, transparency, and alignment

with clinical workflows. Exploring more sophisticated maturity models tailored to

healthcare, incorporating elements like trust, explainability, and regulatory compliance,

could be valuable. Additionally, future work could investigate the long-term impact

of AI and FM integration on patient outcomes and care coordination, aiming to create

a more holistic view of AI’s role in transforming e-Health services. Lastly, expanding

the analysis of AI-driven functionalities across a broader range of healthcare domains

and considering factors like data privacy and model transparency would contribute to

a more comprehensive understanding of AI’s potential in healthcare.
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