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 A B S T R A C T

The rapid rise of Artificial Intelligence (AI) technologies is reshaping Software Engineering (SE) practice, 
unlocking new opportunities while introducing human-centered challenges. Although prior research acknowl-
edges behavioral and other non-technical factors affecting AI integration, most studies still emphasize technical 
concerns and offer limited insight into how teams adapt to and trust AI systems. This work proposes a 
Behavioral Software Engineering (BSE)-informed, human-centric framework to support SE organizations during 
early AI adoption. We employed a mixed-methods methodology to construct and refine the framework. A 
literature review of organizational change models established its theoretical foundation, and thematic analysis 
of interview data produced concrete, actionable steps. The resulting framework comprises nine dimensions:
AI Strategy Design, AI Strategy Evaluation, Collaboration, Communication, Governance and Ethics, Leadership, 
Organizational Culture, Organizational Dynamics, and Up-skilling, each supported by design principles and 
actionable steps. To collect preliminary practitioner feedback, we conducted a survey (N=105) and two expert 
workshops (N=4). Survey responses show that Up-skilling (15.2%) and AI Strategy Design (15.1%) received 
the highest $100-method allocations, highlighting their perceived centrality in early AI initiatives. Findings 
suggest that organizations currently prioritize procedural aspects such as strategy design, while human-centered 
guardrails remain comparatively underdeveloped. Early feasibility checks of the workshops reinforced these 
patterns and highlighted the importance of grounding the framework in real-world practice. By identifying 
critical behavioral dimensions and offering actionable guidance, this contribution provides practitioners with 
a pragmatic roadmap for navigating the socio-technical complexity of early AI adoption and outlines future 
research directions for human-centric AI in SE.
. Introduction

Over the past 70 years, programming languages and Software En-
ineering (SE) have undergone continuous and radical shifts (Terragni 
t al., 2025). The rise of AI technologies, especially with the advent 
f Large Language Models (LLMs), constitutes the latest revolution in 
he field, enabling capabilities previously unthinkable only a few years 
go (Fan et al., 2023; Du et al., 2024). Specifically, LLMs appear to 
nfluence various core tasks of the SE life-cycle, from requirements 
licitation (Ronanki et al., 2023) to code generation (Hou et al., 2024) 
nd maintenance (Xiao et al., 2024).
In recent years, SE research has increasingly examined the impact 

f AI on the discipline (Gupta et al., 2024). Studies have already 
nderscored benefits such as increased automation, enhanced produc-
ivity, and opportunities for innovation (Fan et al., 2023; Ozkaya, 
023; Yoon et al., 2024). Yet, much of the SE literature traditionally 
rioritizes technical and process-driven aspects, often overlooking the 
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human and collaborative dimensions (Capretz, 2014; Perry et al., 1994; 
Storey et al., 2020). This imbalance seems to be maintained or even 
amplified as AI radically influences the field (Peretz-Andersson and 
Torkar, 2022), potentially sidelining the central role of human behavior 
and interaction to successful AI-enabled transformations (Russo et al., 
2024; Shneiderman, 2020).

Recent studies have shown that non-technical factors strongly in-
fluence AI adoption in SE organizations (Russo, 2024; Challapally 
et al., 2025; Choudhuri et al., 2025). For example, Russo (2024) found 
that compatibility of AI tools with existing workflows is the main 
driver of early AI adoption, while perceived usefulness and social 
influence were less decisive. To analyze these complexities, socio-
technical frameworks (Storey et al., 2020; Hoda, 2021) and theories 
rooted in psychology, cognition, and social dynamics, such as Behav-
ioral Software Engineering (BSE) (Lenberg et al., 2014, 2015a), offer a 
valuable baseline to comprehend deeper the transformative processes 
in SE industry.
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Relying on this perspective, previous research (Tavantzis and Feldt, 
2025) identified key BSE concepts, such as Emotions, Personality, and
Politics, that shape AI adoption as well as critical barriers, including
Resistance to Change and Ethical Concerns. These findings underscore 
the need for adopting a human-centered approach in AI-driven trans-
formations in SE. However, Tavantzis and Feldt (2025) note that ex-
isting change management models do not fully address the BSE-related 
challenges of AI adoption.

While some frameworks, such as Errida and Lotfi’s (2021), iden-
tify key factors like resistance management, issues unique to AI re-
main open, such as ethical concerns and over-reliance on AI. Further-
more, practitioners increasingly question the applicability of traditional 
change models in AI-driven transformations, expressing concerns that 
these frameworks may be insufficient or misaligned with the emerging 
organizational context.

Despite these contributions, little yet is known about how BSE per-
spectives can be used to guide AI adoption in practice. Hence, extending 
our earlier findings (Tavantzis and Feldt, 2025), this study aims to 
move from identifying challenges to offering practical guidance for SE 
companies. Specifically, this research seeks to propose a BSE-informed 
framework to mitigate the human and socio-technical complexities of
early-stage AI-driven transformations in SE organizations.

The framework targets organizational and process design for early-
stage AI adoption in SE organizations; it does not prescribe technical 
software/system design activities. This is made on purpose; While the 
framework does not map onto specific SE activities or phases of the 
SE life-cycle, it addresses the organizational readiness conditions that 
enable organizations to subsequently engage with structured SE pro-
cesses. In terms of established SE process models such as ISO/IEC/IEEE 
15288 (International Organization for Standardization et al., 2023), 
the framework operates at a layer that corresponds most closely to or-
ganizational enabling processes related to infrastructure management, 
portfolio management, and human resource management, rather than 
with technical life-cycle processes. Our focus is deliberately limited 
to these early phases, rather than considering later anchoring and 
sustaining activities, reflecting the current immaturity in AI integration 
across SE companies.

We define early-stage AI adoption as the initial organizational ef-
forts to integrate AI into processes and workflows. At the organizational 
level, this stage is characterized by exploratory or pilot-level AI use, 
limited governance structures, emerging roles and responsibilities, lim-
ited internal AI expertise, and practices that have not yet been scaled 
or institutionalized across the organization. The present framework is 
intended for this formative stage, where organizations are still estab-
lishing the organizational, behavioral, and governance conditions for 
AI integration. Later-stage concerns, such as scaling AI use, anchoring 
change, institutionalizing AI-enabled practices, long-term sustainabil-
ity, and continuous optimization, are outside the scope of this study and 
remain directions for future research. This research decision allows us 
to generate timely and actionable insights for practitioners navigating 
the uncertainty and fluidity of early adoption, while leaving anchoring 
change initiatives as a future research direction.

To pursue this objective, we employed a mixed-methods method-
ology, combining theoretical frameworks in literature and practical 
insights. We began with a literature review to assess how existing 
change management research can mitigate the AI-risen challenges. 
Then, we enriched these insights using thematic analysis to an existing 
qualitative dataset, ensuring industrial perspectives from practitioners 
across diverse roles and organizations. Following a systematic way, we 
aimed to add practical actions to the design principles of the frame-
work. These actionable steps are intended to support organizational 
decision-makers in navigating early-stage AI adoption and design their 
adoption strategies. Finally, survey data and two early feasibility check 
sessions allowed us to preliminarily validate the framework and assess 
the perceived importance of its dimensions.
2 
In a nutshell, this paper proposes a BSE-informed framework for 
early-stage AI-driven transformations, consisting of dimensions, de-
sign principles, and actionable steps with the aim to facilitate change 
management process in SE organizations. The framework builds upon 
existing socio-technical perspectives by integrating behavioral dimen-
sions such as resistance to change, ethical concerns, and over-reliance 
on AI. Our artifact suggests that while technical integration is val-
ued, human aspects are decisive for adoption success. By offering 
actionable guidance and validated dimensions, this study aims to em-
power SE companies to navigate the uncertainty of early AI incorpo-
ration and provide a foundation for future research on human-centric 
organizational change.

The remainder of the paper is organized as follows. Section 2 
offers the theoretical background that is required for this research 
study by discussing key concepts and related publications. Section 3 
is devoted to the methodology we followed for the purposes of this 
work. Sections 4 and 5 present our results and discuss their connection 
with the existing literature. Finally, Section 6 concludes the study, 
demonstrating the limitations and directions for future work.

2. Background and related work

This section provides an overview of the main areas of background 
work that inform our study, including Behavioral Software Engineering, 
organizational change, AI transformation, and the human aspects of AI 
transformation. Each subsection outlines prior research that frames and 
motivates our contribution. Accordingly, we position our contribution 
as an early-stage framework for AI transformation in SE, combin-
ing generic organizational change models and domain-specific frame-
works, and focusing on the formative stages rather than end-to-end 
transformation.

2.1. Behavioral software engineering

Even though research community discussed the importance of hu-
man aspects in SE procedures since the early ages of the domain 
(Weinberg, 1971), the majority of existing research and industrial 
initiatives focuses predominantly on the technical aspects of SE life-
cycle (Capretz, 2014; Perry et al., 1994; Ferreira and Wazlawick, 
2011). After 2014, Lenberg et al. (2014) and Graziotin et al. (2015) 
necessitated the criticality of exploring the human dimension within SE 
processes, introducing the concepts of Behavioral Software Engineering 
(BSE) and psychoempirical software engineering respectively. Later on, in 
their joint study (Graziotin et al., 2022), agreed on the term of BSE as 
the study of cognitive, behavioral and social aspects of software engineering 
performed in three different levels of analysis, namely the individual, group, 
and organizational level.

In 2015, Lenberg et al. (2015a) revealed a substantial gap in the 
research body of the newly-introduced field of BSE. Particularly, 42 out 
of the 55 identified BSE concepts had less than 10 publications, imply-
ing significant room for research contributions. Similarly, Storey et al. 
(2020) observed that most of the contributions, included in their work, 
are solution-oriented, despite the authors’ claim to explore the human 
dimension. Hence, they argue that it is important to strike a balance 
between understanding human and social aspects and exploring techni-
cal innovation. Finally, Zolduoarrati et al. (2023) provide a foundation 
for researchers and practitioners to understand the current state of the 
human aspects in SE field. Their tertiary study led to the identification 
of 16 categories, including workspace conditions, knowledge sharing, 
and trust as key factors influencing developer productivity.
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2.2. Organizational change

Organizational change is often driven by internal factors, such as 
the need to improve productivity, or external influences, like emerging 
technologies (Beer and Walton, 1987). Even though it constitutes a field 
with persistent research interest, a shift towards the human aspects of 
change initiatives can be observed (Lenberg et al., 2017; Lima et al., 
2023; Klotins and Gorschek, 2022).

In the literature, two types of change management models can 
be distinguished, the processual and the descriptive models (Parry 
et al., 2014). The former define sequential steps for change, while 
the descriptive models determine the factors that impact the success 
of an organizational change endeavor. One of the most well-received 
processual models regarding is proposed by Kotter (2012).

Despite its wide acceptance and adoption, certain weaknesses and 
limitations of Kotter’s model have been discussed within the research 
community. Appelbaum et al. (2012) discuss model’s lack of flexibility, 
due to the sequential order of steps, and the unsuitability of the model 
in specific contexts, like changes with more technical orientation. More-
over, the authors highlight the lack of deep investigation of the human 
factors during the transition process that can affect the success of the 
whole endeavor, such as employees’ resistance to change. A finding 
that is supported by recent research findings, as they have identified 
employees’ behavior and attitudes towards organizational change as 
key factors in the change process (Lenberg et al., 2017). More recent 
additions in the research body, like Errida and Lotfi’s descriptive frame-
work (Errida and Lotfi, 2021), include factors that address the human 
dimension of the change initiative, such as Resistance Management.

Lenberg et al. (2015b) showed that a comprehensive understanding 
of the cognitive, behavioral, and social factors is vital for successful 
transformations within the field of Software Engineering. The thematic 
analysis resulted in the recognition of four themes as problems in ne-
glecting the human factors in SE industry, with organizational change 
being one of these four issues. More specific to SE, Umarji and Sea-
man (Umarji and Seaman, 2005) explored how well-structured models 
in psychology literature, such as the Theory of Planned Behavior, can 
make the Software Process Improvement (SPI) smoother and more effi-
cient. Despite the encouraging initial results, more empirical evaluation 
of the proposed framework is necessary by gathering quantitative data 
from industrial practitioners.

2.3. AI transformation

Artificial Intelligence (AI) constitutes a substantial catalyst for or-
ganizational transformations, offering new capabilities to practitioners. 
Davila et al. (2024) found that accelerating online searching, typing, 
and syntax recall are among the most frequent applications of AI tools, 
such as GitHub Co-pilot. In this process, the out-of-context replies and 
the non-functional code were noted as the main barriers related to 
the collaboration with AI-based assistants. The authors underscore the 
need to guide developers regarding the utilization of AI tools and the 
criticality in taking into account the ethical and legal issues that AI 
tools raise.

Bashir (2024) examined the use of NLP and LLMs to support Re-
quirements Engineering in large-scale industrial systems, showing that 
models such as BERT can automate tasks like requirements elicitation 
but struggle with domain-specific adaptation. Similarly, Ajiga et al. 
(2024) highlighted how AI is reshaping software development through 
automated code generation and testing, noting that thoughtful adoption 
can enhance productivity, quality, and innovation. Nonetheless, data 
security concerns and high implementation costs remain key barriers 
to effective AI integration.

AI readiness models and adoption frameworks constitute an area 
of particular interest within academia and industry. Regulatory, such 
as EU AI Act (European Union, 2025), and industry guidance, such as 
Google’s AI Principles (Google, 2025), provide a high-level overview 
3 
of the principles and structures to the use and development of AI 
tools. Similarly, organizational readiness models (Nortje and Grobbe-
laar, 2020; Jöhnk et al., 2021; Holmström, 2022; Uren and Edwards, 
2023; Bandara and Wickramarachchi, 2025; Lavin et al., 2022) assess 
organizations’ capacity to adopt AI technologies.

All these initiatives constitute a valuable foundation for the multi-
faceted nature of AI technologies and indicate the different aspects 
that organizations need to consider. However, they either focus pre-
dominantly on technical aspects and overlook the human-centered 
angles (e.g. Holmström, 2022; Lavin et al., 2022) or lack empirical 
validation regarding their applicability (e.g. Jöhnk et al., 2021). For 
example, Holmström (2022) identified four dimensions in the proposed 
AI readiness framework, namely Technology, Activities, Boundaries, 
and Goals. These aspects often give less explicit treatment to behavioral 
and change-management mechanisms. On the other hand, the frame-
work proposed by Jöhnk et al. (2021) is empirically grounded through 
qualitative expert interviews and preliminary validation, but it lacks a 
large-scale, in-depth quantitative validation.

2.4. Human aspects in AI transformation

Although AI is advancing rapidly, there are still major gaps in inter-
disciplinary research of the field, especially regarding human factors. 
Peretz-Andersson and Torkar (2022) revealed via a systematic way 
the psychology-related research gap, as only four out of the fifty-two 
included studies delve into such topics. Since then, research contribu-
tions have focused more on the human and social dimension of the AI 
integration.

A considerable number of the challenges posed by AI originate 
from human-centered issues rather than technological limitations. In 
line with BSE’s emphasis on social aspects across different dimensions, 
Dwivedi et al. (2021) identify potential job losses due to AI-driven 
automation, and ethical dilemmas, like algorithmic bias and lack of 
transparency in decision-making. Similarly, Dolata et al. (2024) fea-
tured the need to validate AI-generated outputs and clients’ extraordi-
nary expectations due to misconceptions of AI capabilities as two issues 
that are common with the emergence of generative AI. Stakeholders 
active collaboration and communication are crucial to mitigate ethical, 
social, and environmental challenges, aiming to align AI innovations 
with societal values and foster transparent and beneficial technological 
progress (Polyportis and Pahos, 2024).

Lately, studies started discussing that AI integration is more than 
a technical-oriented process. Russo (2024) showed that while useful-
ness and ease-of-use matter, compatibility with existing workflows is 
the dominant factor for GenAI incorporation in SE. This challenges 
traditional technology adoption theories, suggesting that effective AI 
integration requires smooth fit into the way teams already work, not 
just showcasing benefits and pushing adoption. A finding stressed in 
MIT’s 2025 business report (Challapally et al., 2025), discussing that 
95% of GenAI implementations still show no return. This is not because 
of the model’s capabilities, but due to tools inability to integrate within 
existing workflows. Dell’Acqua et al. supported this view with their 
work (Dell’Acqua et al., 2023). Particularly, they found that while 
generative AI can significantly boost productivity, it can mislead skilled 
professionals and lead to worse outcomes. Hence, AI integration strat-
egy should focus on which tasks to incorporate AI, not just whether to 
adopt AI.

A recent study by Tavantzis and Feldt (2025) examines AI transfor-
mation through the lens of BSE. The authors conducted a qualitative 
study, utilizing thematic and narrative analysis, to explore the BSE 
concepts and challenges that shape AI integration. Their results demon-
strate several sub-themes linked to twelve core BSE concepts, alongside 
six primary BSE-related challenges and their associated sub-challenges.
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Fig. 1. Research method overview.
Related Work Summary: These insights highlight the inherent 
complexity of AI integration and reveal gaps in change man-
agement models, particularly around emerging risks like over-
reliance on AI tools. Existing efforts provide a useful structure, 
but often lack deep empirical validation or overlook the human 
element of AI adoption. Our contribution, rooted in the BSE 
principles, aims to contribute to these gaps.

3. Methodology

This section reports on the methodology of the study, describing 
the research objectives and research questions. As shown in Fig.  1, we 
employed a mixed-methods methodology to conduct this research.

3.1. Objective and research questions

The objective of this work is to structure and propose an action-
able BSE-informed framework to support early-stage AI integration. 
Tavantzis and Feldt’s findings (Tavantzis and Feldt, 2025) informed 
the formalization of the framework. Specifically, they discuss the BSE-
related challenges that AI incorporation raises. These challenges span 
various aspects, like Resistance to Change and Skills in Era of AI. No-
tably, study’s participants — whose input informed these hurdles — 
work in organizations at the early stages of AI integration. Thus, their 
insights reflect this phase. Consequently, the proposed framework is 
deliberately tailored to address the challenges of the early-stage AI 
integration.

Beyond addressing the technical hurdles of early AI integration, the 
framework also seeks to support organizations in managing the behav-
ioral and social challenges that accompany this process. To achieve this, 
we structured the study around four research questions to guide the 
research design choices and final output of the research (Creswell and 
Creswell, 2017). In particular:

 RQ1—What foundational steps can be derived from existing 
change management literature to support AI-driven organizational 
change in SE organizations?

RQ1 aims to investigate whether existing organizational change 
models address the behavioral challenges of AI integration identified in 
prior research (Tavantzis and Feldt, 2025). Through a literature review, 
the study maps these challenges to the steps/factors of established 
change management frameworks, setting the foundation for further 
refinement subsequently.

 RQ2—How can a human-centric framework address the human 
and socio-technical complexities of AI-driven transformations in SE 
organizations?
4 
Building on the foundation of RQ1, RQ2 explores the behavioral 
challenges overlooked by current change management models. In this 
RQ, we (i) identify these gaps, (ii) employ thematic analysis on prior 
qualitative data to derive solutions, and (iii) extend the framework to 
incorporate the BSE perspective, culminating in design principles (DPs) 
for effective AI-driven organizational change.

 RQ3—What tangible steps can be incorporated into the human-
centric framework to ensure framework’s applicability?

RQ3 relies on the critique that academic contributions are overly 
theoretical and lack practical guidance (Ivanov et al., 2017). To counter 
this, we synthesize insights from peer-reviewed and grey literature, the 
prior qualitative dataset, and our recommendations to develop action-
able steps for each DP. This aims to enhance framework’s practical 
relevance for decision-makers and practitioners navigating early-stage 
AI adoption, laying the foundation for RQ4.

 RQ4—How do SE practitioners perceive the relevance and clarity 
of the proposed framework’s dimensions and design principles?

RQ4 explores the perceived usefulness of the proposed framework 
for SE organizations. Given time constraints, a full Action Research 
study was unfeasible, so we conducted a preliminary assessment. This 
included a survey of SE professionals for quantitative feedback on 
the framework’s overview and expert review workshops for initial 
validation and detailed input on specific DPs, which we label as ‘‘early 
feasibility checks’’. Together, these methods provide early insights into 
the framework’s practical value and suggest directions for future work.

3.2. Data collection

We adopted a multi-method data collection strategy to enhance 
the validity and reliability of the study. The approach comprised a 
literature review, a survey, and two early feasibility checks.

3.2.1. Literature review
To answer RQ1 and establish the groundwork of the proposed 

framework, we relied on earlier research materials. In this regard, we 
conducted a literature review to produce a structured, comprehen-
sive, and unbiased synthesis of existing knowledge. The synthesis and 
analysis involved listing the different change management models and 
evaluating which of the identified BSE challenges can be addressed. 
The screening process of the literature relied on the Preferred Re-
porting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
statement (Moher et al., 2009).

PRISMA statement ensures transparency and comprehensive report-
ing in systematic reviews by providing a structured framework for 
detailed explanation of the studies included in the review. According 
to the methodology, the process consists of four discrete phases; the 
Identification phase, the Screening phase, the Eligibility phase, and the 
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Fig. 2. PRISMA statement overview.
Included phase. These phases extend from the process of searching for 
pertinent studies to the final stage of including the useful material 
found. The search took place in the scientific database of Scopus. Fig.  2 
presents an overview of the PRISMA statement as applied in this study.
Identification phase. The identification phase involved searching for 
relevant publications using keyword-based queries. The initial search 
string, TITLE-ABS-KEY((‘‘Change Management’’ OR ‘‘Organizational
Change’’) AND ‘‘model’’), returned 9712 results. Through trial and 
error, the final search query, TITLE-ABS(‘‘Change Management model’’), 
yielded 265 studies. Then, we filtered these publications to include only 
journal and conference papers in English, within the fields of Business 
Management, Computer Science, Engineering, and Psychology. This 
limited the final set in 137 studies.

The search string was intentionally broad to capture foundational 
change management frameworks. This decision was motivated by our 
assumption that AI adoption shares core characteristics with other 
large-scale organizational change efforts, such as resistance to change, 
making these frameworks relevant to the context of our study. Thus, 
we assessed non-AI change management models for their capacity to 
address challenges identified in our previous study (Tavantzis and 
Feldt, 2025), on the basis that many of these challenges are common 
across large-scale organizational transformations (see Table  A.19 for 
the detailed mapping).
Screening phase. In this sub-step, we screened the studies retrieved 
from the previous step. To this end, we read all the titles and abstracts 
of the publications, removing the studies that were not relevant. In 
some cases, we read the full-text as well. This sub-step resulted in 68 
remaining studies.
Eligibility phase. During this sub-step we filtered out the studies re-
trieved from the screening process by examining the full-texts and 
applying the following inclusion and exclusion criteria.

The inclusion criteria suggest; (i) studies should include change 
management models or success factors, (ii) studies should not include 
domain-specific change management models and can be useful for other 
domains as well, (iii) studies should be peer-reviewed publications, either 
journal or conference papers.
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The exclusion criteria suggest studies are excluded when: (i) they 
do not propose a new change management model or build upon an existing 
one, (ii) they have a particular orientation that makes the model inappli-
cable for other domains, (iii) they are on-going studies without having a 
well-defined outcome.
Included phase. Finally, we applied a snowballing strategy by review-
ing the references of the selected studies and identifying works that 
cited them. This process led to the inclusion of 20 additional publica-
tions, one of which was grey literature. As a result, the literature review 
comprised a total of 43 studies.

3.2.2. Survey
Survey constitutes an empirical method to collect data from large 

populations (Kasunic, 2005), making them particularly suitable for the 
SE field (Ghazi et al., 2019). To minimize bias and ensure method-
ological rigor, the survey design followed the eight-step framework by 
Molleri et al. (2016), which includes: 1. Define Research Objectives, 2. 
Identify Target Audience and Sampling Frame, 3. Design the Sample Plan, 4. 
Design the Survey Instrument, 5. Evaluate the Survey Instrument, 6. Collect 
and Analyze Survey Data, 7. Extract Conclusions, and 8. Document and 
Report the Survey.

We identified SE practitioners as the key target audience to share 
their impressions regarding the proposed BSE-informed framework and 
the usefulness of particular dimensions. The survey included, pre-
dominantly, Likert scale questions and some open-ended questions to 
capture the impressions of the population. The distribution of the 
survey lasted four weeks and happened, mainly, through personal 
contacts in organizations and Prolific—a platform that facilitates col-
lecting high-quality human-derived data.1 Also, we employed snowball 
sampling, as personal connections to companies shared the link of the 
survey with other potential participants. This approach ensured that 
only people with related background responded to the survey, ensuring 
input’s quality. The detailed survey structure and setting can be found 
in our Figshare replication package.2

1 https://www.prolific.com.
2 https://figshare.com/s/2b6841d6a36c233a9078.

https://www.prolific.com
https://figshare.com/s/2b6841d6a36c233a9078
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The Research Ethics Committee at Aalborg University approved this 
research activity with reference number 1094922 in November 2025. 
In this context, all participants were older than 18 years and gave 
informed consent before participating in the study. Additionally, we 
notified them regarding their right to withdraw their participation at 
any point.

3.2.3. Early feasibility checks
To preliminary assess the perceived relevance and clarity of the 

proposed framework, we conducted two expert review workshops. 
Relying on the output of RQ3, these sessions sought to gather experts’ 
impressions on the practicality of the proposed actions, serving as 
an initial form of validation. Rather than organizing large sessions, 
smaller, focused sessions were held to ensure that participants could 
provide relevant input based on their roles. For instance, steps under 
the Leadership dimension may not apply to software developers, mak-
ing targeted participation more effective. Participants were selected 
through personal contacts to ensure the necessary domain expertise.

Each session followed a five-phase structure. In the Introduction
phase, the research objectives, the BSE-related challenges, and the 
proposed framework were briefly presented. This was followed by a 
detailed explanation of the workshop-specific dimensions, including their 
DPs and actionable steps. Then, Group discussions took place regarding 
the applicability of these actions in real-world settings based on partic-
ipants experiences. In the fourth phase, the Data Collection happened 
through a survey distribution. Finally, the Closing phase included a 
discussion of preliminary findings and an overview of the next steps. 
Each session lasted approximately one hour.

3.3. Data analysis

The data analysis process involves both a qualitative and a quanti-
tative approach. Specifically, we applied Thematic Analysis to identify 
themes and structure the proposed framework. Then, we performed
Statistical Analysis to the quantitative data collected through the survey 
and the workshops to summarize and interpret the findings.

3.3.1. Thematic analysis
We employed Thematic analysis to analyze the qualitative data 

gathered from semi-structured interviews of prior research, following 
the method outlined by Braun and Clarke (2006). According to their 
methodology, thematic analysis comprises six discrete stages; namely,
familiarizing yourself with your data, generating initial codes, searching for 
themes, reviewing themes, defining and naming themes, and producing the 
report. This process enabled the identification, analysis, and patterns 
reporting across the interview transcripts.

Given the exploratory nature of the first part of the research, we 
adopted an inductive approach to derive codes and themes directly 
from participant experiences, without relying on pre-existing models. 
This decision is aligned with the objective of RQ2, aiming to enrich the 
proposed framework beyond traditional change management models. 
The goal was to provide a distinct contribution by capturing insights 
grounded in real-world contexts. Although the analysis was primarily 
conducted by one researcher, we followed a structured review process. 
After initial coding and theme development, two authors reviewed 
the results to refine the themes, ensure clarity and minimize potential 
interpretation bias, thereby enhancing the reliability of the findings.

3.3.2. Statistical analysis
Complementing qualitative analysis with numerical evidence en-

hances the understandability and credibility of the findings. To analyze 
the quantitative data from the survey and workshops, we performed
descriptive statistics, such as mean values and standard deviation, to 
summarize key trends, assess the perceived importance of framework’s 
dimensions, and measure professionals’ agreement. We utilized differ-
ent ways of visualization, like bar charts, to clearly exhibit the results 
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of participants’ impressions on the usefulness of the BSE-informed 
framework.

Finally, we employed the Scott-Knott Effect Size Difference (ESD) 
test (Jelihovschi et al., 2014), a hierarchical clustering algorithm de-
signed to identify statistically distinct homogeneous groups using mean 
values. Due to its simplicity and accuracy, Scott-Knott has become a 
widely adopted method in hierarchical clustering analysis (Jelihovschi 
et al., 2014). In the context of this study, the algorithm could sup-
port recognizing clusters with dimensions of significant importance, as 
perceived by SE professionals.

4. Findings

This section presents the results derived from a multi-stage analysis 
addressing RQ1, RQ2, RQ3, and RQ4. It includes findings from the lit-
erature review, the thematic analysis, and the systematic development 
of actionable steps to supplement each identified DP. Then, it discusses 
the insights of the survey and the expert review workshops.

4.1. RQ1 — Literature review results

The PRISMA statement methodology resulted in the inclusion of 
43 publications in the literature review (See Fig.  2). Table  1 exhibits 
alphabetically the included change management models, together with 
their unique id numbers. This section is devoted to evaluate whether 
the existing change management literature addresses the identified 
BSE-related challenges.

4.1.1. Publications profiles
The publication dates of the selected models span from 1947 to 

2025. Although thirty of the forty-three models were introduced after 
the year 2000, some of the most influential frameworks in existing 
literature, such as those by Kotter’s and Lewin’s models, originated 
prior to 2000. Fig.  3 illustrates the chronological distribution of the re-
viewed change management models, indicating key trends and offering 
valuable insights. Interestingly, the models are fairly evenly distributed 
across the timeline, reflecting a consistent interest in exploring and 
comprehending change management processes since the field’s early 
years.

For the purposes of the study we employed a dual taxonomy ap-
proach to classify the selected change management models (see Table 
2).

Consistent with prior research (Parry et al., 2014), the first clas-
sification criterion distinguishes models as either processual, which 
delineate a series of sequential steps, and descriptive models, which 
emphasize critical success factors for change. Processual models typ-
ically offer a structured step-by-step process, often covering stages 
such as initiation and planning, while descriptive models highlight key 
influential elements, such as leadership and communication, that affect 
change outcomes.

The second classification criterion pertains to contextual applica-
bility, differentiating between generic models designed for uniform use 
across industries and domain-specific models developed for particular 
sectors, such as healthcare or the public sector. The identified do-
mains encompass: Business Excellence, Digital Transformation, Education, 
Generic, Healthcare, Public Sector, and Software Engineering.

4.1.2. Comparison with identified BSE-related challenges
The objective of RQ1 is to start forming the human-centric frame-

work, assessing how traditional change management literature can 
address the identified AI-risen hurdles. The mapping strategy relied 
on two underlying rationales: (i) steps or factors of the included mod-
els should address a potential hardship and (ii) variations of the same 
step should be grouped to enhance readability. For example, the step
‘‘Create a sense of urgency‘‘ appeared with different phrasings, such 
as ‘‘Create a burning platform’’ (Toterhi and Recardo, 2012). To avoid 
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Table 1
List of organizational change management literature.
 Change management models
 ID Reference ID Reference  
 S01 ADKAR model (Abdallah and Mohammad, 2016) S23 Leppitt (2006)  
 S02 Armenakis et al. (2007) S24 Lewin’s model (Schein, 2010)  
 S03 Bamford and Daniel (2005) S25 Li and Yodmongkol (2019)  
 S04 Beckhard and Harris (1987) S26 McKinsey 7-S Model (Kocaoğlu and Demir, 2019) 
 S05 Bolboli and Reiche (2013) S27 Mento et al. (2002)  
 S06 Bridges’ Transition Model (Bridges, 2003) S28 Merino-Barbancho and Fico (2025)  
 S07 Bullock and Batten (1985) S29 Mukheli and Naidoo (2023)  
 S08 Burke and Litwin (1992) S30 Narciso and Allison (2014)  
 S09 Calvert (2006) S31 Al Owad et al. (2023)  
 S10 Carnall (2007) S32 Phillips and Klein (2023)  
 S11 Congruence Model (Nadler and Tushman, 1980) S33 Pulido and Taherdoost (2024)  
 S12 Cummings and Worley (2013) S34 Rajamanoharan and Collier (2006)  
 S13 Errida and Lotfi (2021) S35 Rohmah and Subriadi (2020)  
 S14 GE’s Change Acceleration (Von Der Linn, 2009) S36 Spyropoulou et al. (2021)  
 S15 Hayes (2014) S37 Sulistiyani and Susanto (2018)  
 S16 Hourani et al. (2019) S38 Tampoe (1990)  
 S17 Jick (1993) S39 Toterhi and Recardo (2012)  
 S18 Judson (1991) S40 Victor and Franckeiss (2002)  
 S19 Kanter et al. (1992) S41 Wan et al. (2020)  
 S20 Kirmizi and Kocaoğlu (2022) S42 Wheelan-Berry and Somerville (2010)  
 S21 Knoster (2000) S43 Worley and Mohrman (2014)  
 S22 Kotter’s model (Kotter, 2012)  
Table 2
Change management models taxonomy by domain and approach.
 Domain Processual Descriptive  
 Business excellence Bolboli and Reiche (2013) Spyropoulou et al. (2021) 

Rajamanoharan and Collier (2006)
 

 Digital transformation Kirmizi and Kocaoğlu (2022) 
Pulido and Taherdoost (2024)

Calvert (2006)  

 Education — Rohmah and Subriadi (2020)  
 Generic ADKAR model (Abdallah and Mohammad, 2016) 

Bridges’ Transition Model (Bridges, 2003) 
Bullock and Batten (1985) 
Hayes (2014) 
Jick (1993) 
Judson (1991) 
Kanter et al. (1992) 
Kotter’s model (Kotter, 2012) 
Lewin’s model (Schein, 2010) 
Mento et al. (2002) 
Tampoe (1990) 
Toterhi and Recardo (2012) 
Wheelan-Berry and Somerville (2010) 
Victor and Franckeiss (2002) 
Worley and Mohrman (2014)

Armenakis et al. (2007) 
Beckhard and Harris (1987) 
Burke and Litwin (1992) 
Carnall (2007) 
Congruence Model (Nadler and Tushman, 1980) 
Cummings and Worley (2013) 
Errida and Lotfi (2021) 
GE’s change acceleration (Von Der Linn, 2009) 
Knoster (2000) 
Leppitt (2006) 
McKinsey 7-S Model (Kocaoğlu and Demir, 2019) 
Phillips and Klein (2023)

 

 Healthcare Li and Yodmongkol (2019) 
Al Owad et al. (2023)

Bamford and Daniel (2005) 
Merino-Barbancho and Fico (2025)

 

 Public sector Sulistiyani and Susanto (2018) Mukheli and Naidoo (2023) 
Wan et al. (2020)

 

 Software engineering Narciso and Allison (2014) Hourani et al. (2019)  
Fig. 3. Timeline of change management models.
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such duplicates and redundancy, these variations were grouped under 
the umbrella step ‘‘Create a sense of urgency’’. As for the strategy we 
followed, the first author conducted the mapping process, while the 
remaining authors reviewed the outcomes and proposed refinements 
where needed.

Table  A.19 (see Appendices) presents the results of the mapping pro-
cedure. As can be observed, combining existing organizational change 
models can mitigate the substantial majority of the identified BSE-
related challenges. Specifically, the mapping process addressed all but 
three of the BSE-related sub-challenges, namely: ‘‘Considerate use of 
external AI with company’s data’’, ‘‘Inter-generational Collaboration’’, and 
‘‘Lack of skills due to AI’’.

For the rest challenges, there is at least one step that can mitigate 
the negative consequences that they could cause. In particular:

• Change Management Strategy: This challenge highlights the 
pivotal role of Communication within AI adoption both in-
ternally and externally to the organization. Established mod-
els emphasize the necessity of transparency and the definition 
of well-defined communication channels (Rohmah and Subriadi, 
2020), along with a comprehensive stakeholder engagement strat-
egy (Leppitt, 2006; Kocaoğlu and Demir, 2019; Sulistiyani and Su-
santo, 2018; Hourani et al., 2019; Worley and Mohrman, 2014). 
These initiatives can foster the acceptance and understanding of 
organization’s AI vision (Errida and Lotfi, 2021; Kotter, 2012; 
Abdallah and Mohammad, 2016; Bamford and Daniel, 2005; Li 
and Yodmongkol, 2019; Bolboli and Reiche, 2013; Mento et al., 
2002; Mukheli and Naidoo, 2023; Calvert, 2006; Phillips and 
Klein, 2023; Pulido and Taherdoost, 2024; Rohmah and Subriadi, 
2020; Spyropoulou et al., 2021; Tampoe, 1990; Jick, 1993; Jud-
son, 1991; Victor and Franckeiss, 2002; Kanter et al., 1992; Wan 
et al., 2020; Kirmizi and Kocaoğlu, 2022; Worley and Mohrman, 
2014).

• Ethical Concerns: The outcome of the mapping process revealed 
that prior models cannot fully address the ethical considerations 
that AI raises. However, by encouraging experimentation through 
pilot projects (Pulido and Taherdoost, 2024; Von Der Linn, 2009), 
companies can determine the balance to mitigate the risks asso-
ciated with sensitive data.

• Organizational Readiness for AI Adoption: Organizational
readiness for AI integration is shaped by six distinct sub-
challenges. Considering the domain knowledge, such as regula-
tions (Leppitt, 2006; Burke and Litwin, 1992), has the potential 
to enhance institutions’ preparedness. Furthermore, cultivating 
a shared sense of urgency (Kotter, 2012; Leppitt, 2006; Bolboli 
and Reiche, 2013; Al Owad et al., 2023; Pulido and Taherdoost, 
2024; Jick, 1993; Toterhi and Recardo, 2012; Kanter et al., 
1992; Kirmizi and Kocaoğlu, 2022) regarding AI adoption and 
creating a shared need (Errida and Lotfi, 2021; Abdallah and 
Mohammad, 2016; Armenakis et al., 2007; Von Der Linn, 2009; 
Kanter et al., 1992; Worley and Mohrman, 2014) can help reduce 
the diverse perspectives across organizational levels. However, 
navigating the political dynamics inherent within AI transition 
necessitates securing political support (Mento et al., 2002; Cum-
mings and Worley, 2013; Jick, 1993; Kanter et al., 1992), actively 
engaging diverse perspectives and considerations (Phillips and 
Klein, 2023), and identifying the right timing for implementa-
tion (Wan et al., 2020). Lastly, it is important that change teams 
are interdisciplinary (Calvert, 2006; Tampoe, 1990), as the multi-
faceted nature of AI demands expertise from multiple disciplines, 
while solutions should also be tailored to each organization’s con-
text (Errida and Lotfi, 2021; Leppitt, 2006; Worley and Mohrman, 
2014).

• Resistance to Change: The output of the literature review sug-
gests that training (Errida and Lotfi, 2021; Kotter, 2012; Abdallah 
and Mohammad, 2016; Kocaoğlu and Demir, 2019; Mukheli and 
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Naidoo, 2023; Narciso and Allison, 2014; Calvert, 2006; Phillips 
and Klein, 2023; Pulido and Taherdoost, 2024; Rajamanoharan 
and Collier, 2006; Kanter et al., 1992; Wan et al., 2020; Worley 
and Mohrman, 2014) and coaching (Errida and Lotfi, 2021; Spy-
ropoulou et al., 2021) the employees are vital actions to minimize 
feelings of resistance. Constant communication (Mento et al., 
2002; Jick, 1993; Kanter et al., 1992) seems crucial to understand 
the complementary role of AI technologies and lessen the con-
cerns of job insecurity. Finally, encouraging innovation (Pulido 
and Taherdoost, 2024; Von Der Linn, 2009) and providing in-
centives and rewards (Errida and Lotfi, 2021; Abdallah and Mo-
hammad, 2016; Kanter et al., 1992; Knoster, 2000) can motivate 
and increase experimentation with AI technologies, in order to 
establish a deeper understanding of their capacity.

• Skills in Era of AI: Initiatives around practitioners’ education are 
the main components to address the challenges of this particular 
area. Continuous Learning (Rajamanoharan and Collier, 2006; 
Von Der Linn, 2009; Wan et al., 2020; Worley and Mohrman, 
2014), AI Training (Errida and Lotfi, 2021; Kotter, 2012; Abdallah 
and Mohammad, 2016; Kocaoğlu and Demir, 2019; Mukheli and 
Naidoo, 2023; Narciso and Allison, 2014; Calvert, 2006; Phillips 
and Klein, 2023; Pulido and Taherdoost, 2024; Rajamanoharan 
and Collier, 2006; Kanter et al., 1992; Wan et al., 2020; Wor-
ley and Mohrman, 2014) and Coaching (Errida and Lotfi, 2021; 
Spyropoulou et al., 2021) constitute key efforts to keep up with 
the constant and rapid AI progress and demands. Nevertheless, 
concerns regarding the potential absence of fundamental skills 
due to over-reliance on AI continue to be unaddressed.

• Strategic Adoption of AI: A systematic approach to AI inte-
gration is crucial to ensure a smooth transition. In this regard, 
ongoing assessment (Errida and Lotfi, 2021; Li and Yodmongkol, 
2019; Bolboli and Reiche, 2013; Mento et al., 2002; Bullock and 
Batten, 1985; Phillips and Klein, 2023; Pulido and Taherdoost, 
2024; Hayes, 2014; Kanter et al., 1992) and measurement of 
the incorporation process, using predefined KPIs (Bolboli and 
Reiche, 2013; Merino-Barbancho and Fico, 2025; Spyropoulou 
et al., 2021), where applicable, can facilitate tracking the progress 
towards transition goals. For example, organizations can evaluate 
their efforts in achieving an optimal balance between automation 
and human involvement (Errida and Lotfi, 2021; Li and Yod-
mongkol, 2019; Bolboli and Reiche, 2013; Mento et al., 2002; 
Bullock and Batten, 1985; Phillips and Klein, 2023; Pulido and 
Taherdoost, 2024; Hayes, 2014; Kanter et al., 1992), as well as 
in leveraging internal versus external AI solutions (Bolboli and 
Reiche, 2013; Merino-Barbancho and Fico, 2025; Spyropoulou 
et al., 2021). Training (Errida and Lotfi, 2021; Kotter, 2012; 
Abdallah and Mohammad, 2016; Kocaoğlu and Demir, 2019; 
Mukheli and Naidoo, 2023; Narciso and Allison, 2014; Calvert, 
2006; Phillips and Klein, 2023; Pulido and Taherdoost, 2024; 
Rajamanoharan and Collier, 2006; Kanter et al., 1992; Wan et al., 
2020; Worley and Mohrman, 2014) and coaching (Errida and 
Lotfi, 2021; Spyropoulou et al., 2021) possess a vital role in 
supporting understanding of when and how AI applications can 
be more appropriate and impactful. Finally, establishing short-
term objectives (Errida and Lotfi, 2021; Kotter, 2012; Leppitt, 
2006; Mento et al., 2002; Narciso and Allison, 2014; Phillips 
and Klein, 2023; Pulido and Taherdoost, 2024) and performing 
gap analyses between the current and desired states (Narciso and 
Allison, 2014; Spyropoulou et al., 2021; Sulistiyani and Susanto, 
2018) can help translate the long-term vision of AI adoption into 
a clear, actionable, and purpose-driven strategy.

The majority of the traditional, well-established change manage-
ment models encompass steps related to anchoring change and in-
tegrating lessons learned during the change process. The identified 
BSE-related challenges (Tavantzis and Feldt, 2025), based on which we 



T. Tavantzis et al. The Journal of Systems & Software 243 (2027) 113063 
structure the framework, do not discuss such concerns. The intervie-
wees, whose responses shaped these challenges, represent organizations 
at the beginning of their AI integration journey. Therefore, their per-
spectives do not yet extend to the later phases of AI transformation, 
where long-term sustainability and reinforcement of change become 
critical.

Accordingly, the proposed BSE-informed framework maintains an 
early-stage focus within the broader process of AI adoption. This focus 
does not suggest that sustaining change is unimportant; rather, it 
emphasizes the necessity of establishing a robust foundation before 
reaching that stage. A successful initial integration phase can enable 
smoother progression and reinforce organizational efforts in subsequent 
stages of transformation.

4.1.3. Summary of literature review — RQ1 output
The summary of the literature review constitutes the core of the 

proposed BSE-informed framework, fulfilling the objective of RQ1. This 
foundation was formed as follows into dimensions and DPs.
Agile culture — emphasizes adaptability and experimentation to navigate 
uncertainty and enable effective AI integration.

• Encourage Experimentation through pilot projects: In early 
stages, unawareness and misconceptions are common; therefore 
experimentation can facilitate understanding of the real capabili-
ties.

• Set short-term wins: Trust in early phases is fragile, therefore 
bounded pilots with visible benefits reduce resistance and create 
momentum.

AI strategy design — aims to define a coherent vision, aligning AI initia-
tives with organizational objectives, and considering contextual constraints.

• Be aware of parameters within the external environment, 
such as regulations: External parameters, such as regulations, 
impose constraints; therefore systematic monitoring of these fac-
tors enhance strategic responsiveness and institutional compli-
ance.

• Design tailored solutions, considering the unique nature of 
the domain: Each organizational context has unique require-
ments, for example regarding data privacy; therefore each tool 
has to conform to the domain-specific demands.

AI strategy evaluation — ensures continuous monitoring and assessment 
of AI integration progress.

• Continuously evaluate the integration process: AI progress is 
continuous and rapid; therefore strategy evaluation and adapta-
tion are necessary.

• Define and monitor KPIs for integration goals: Measurable 
indicators translate abstract objectives, such as the balance be-
tween automation and human presence, into observable out-
comes; therefore establishing KPIs enables data-driven evaluation 
and adaptive management.

AI up-skilling — stresses the necessary initiatives to prepare employees for 
AI-embedded solutions.

• Provide AI Training for employees: The rise of AI introduce 
new skills for practitioners, like prompt and context engineering; 
therefore they need to enrich their skill set to fully-leverage the 
potential of emerging tools.

• Provide AI Mentoring and Coaching sessions: Effective AI 
adoption depends not only on technical skills, but also on under-
standing, confidence, and ethical awareness; therefore mentoring 
and coaching sessions are important to build these qualities.

• Institutionalize continuous learning initiatives: AI evolves 
rapidly and new tools continually emerge; therefore establishing 
continuous learning mechanisms is pivotal to keep up with AI 
rapid evolution and sustain competence.
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Communication — aims to clear and continuous information flow between 
stakeholders of the AI integration process.

• Structure a clear communication strategy with all stakehold-
ers: Transparency and consistency in communication could mit-
igate uncertainty; therefore a well-defined communication strat-
egy is vital to foster trust and collaboration.

• Establish communication channels with all stakeholders:
Transparent stakeholder engagement relies on systematic commu-
nication; therefore introducing both formal and informal chan-
nels is vital to enhance collaboration quality and organizational 
cohesion.

• Engage with all stakeholders: Effective AI integration requires 
stakeholders being onboard; therefore it is essential to ensure 
continuous engagement with them.

• Listen to employees’ concerns: Constant AI development brings 
uncertainty and anxiety in employees regarding their future; 
therefore listening and addressing their concerns fosters trust and 
psychological safety during AI integration.

Leadership — provides direction, alignment, and motivation for AI trans-
formation.

• Establish a clear and shared need: Convincing stakeholders 
about the benefits of AI incorporation enables broad acceptance 
and embracement of the efforts; therefore cultivating this need 
will enhance trust in AI adoption endeavors.

• Establish a sense of urgency: The lack of a clear definition of 
the risks and benefits of timely transformation leads to delays 
and inactive periods; therefore cultivating a sense of urgency 
accelerates decision-making and impels commitment.

• Form a cross-functional AI team: AI constitutes a multifaceted 
technology involving technical, ethical and legal aspects; there-
fore it is crucial to form interdisciplinary teams to be responsible 
for the AI strategy design.

• Encourage AI adoption and experimentation by rewarding 
desired behaviors and achievements: Practitioners are more 
likely to embrace AI experimentation when their efforts and 
ideas are visibly valued; therefore establishing reward mecha-
nisms could reinforce commitment and reduce resistance.

Organizational dynamics — deals with individuals (internal politics) or 
situations (timing, resistance to change) that could enable or hinder AI 
integration efforts.

• Be aware of the organizational situation, which might indi-
cate internal pressures or resistance: Internal dynamics, such 
as resistance to change, may lead to significant delays and can-
cellations of projects; therefore diagnosing cases of tension and 
resistance is essential to design targeted interventions.

• Secure the political support of key players: Organizational 
change success is influenced by stakeholders’ interests; therefore 
obtaining political support of key individuals ensures commit-
ment and sustains the defined strategy.

RQ1 take-away: AI integration appears to follow patterns seen 
in previous change initiatives. Particularly, combining tradi-
tional change management models addresses most identified 
BSE-related challenges, leaving only a few unaddressed. This 
provides a solid foundation for the proposed BSE-informed, early-
stage framework.

4.2. RQ2 — Thematic analysis results

To re-analyze the qualitative data collected during previous research 
study (Tavantzis and Feldt, 2025), we employed thematic analysis. The 
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nature of the former work was exploratory, which was reflected in 
the involved organizations and participants. Specifically, institutions of 
different domains (N = 4) and professionals (N = 10) that hold various 
roles participated in the semi-structured interviews. More detailed de-
mographic information is provided in the study. The detailed protocol 
and setting of the interviews can be found on GitHub.3

Despite the distinguished orientation between the previous and the 
present study, interviewees shared and elaborated on lessons learned 
and success factors that they could recognize throughout the AI integra-
tion endeavors of their organizations. Concentrating, predominantly, 
on these parts and interpreting them through the lens of this study, 
we generated the initial codes. Then, the codes were grouped and 
formed the themes to avoid introducing duplicates. Given that the 
outcome aims to be a set of DPs, the themes were expressed as DPs for 
organizations to take their first steps towards AI integration. Finally, 
we grouped the themes into broader dimensions, which will constitute 
the higher layer of the proposed framework.

4.2.1. Identified themes grouped by dimensions
Following the aforementioned systematic way for the analysis of 

the interview transcripts, we identified the following dimensions and 
themes. Several design principles identified through thematic analysis 
align with those derived from the literature review (Section 4.1.3). 
Where this is the case, only the supporting practitioner quote is pro-
vided, and the reader is referred to Section 4.1.3 for the full rationale.
AI strategy design. AI technologies bring new opportunities and ca-
pabilities for organizations. Consequently, there is a growing desire 
to integrate AI. This dimension refers to the DPs that are required to 
ensure a robust strategy for AI adoption.

i Determine projects’ prioritization strategy : The fast pace of AI 
progress leads to multiple ideas for implementation; therefore 
prioritization is necessary to handle the increasing number of 
projects.

P03: I try to be organized, I try to use planning tools, and 
prioritize my ideas. I need to be clear on the ones that I’m focusing 
on right now, the ones that I’m expecting to move forward, and 
the ones that can wait.

ii Develop AI strategy in line with the latest AI advances: AI ad-
vancements usually overlap with designing integration strate-
gies; therefore aligning them is vital to avoid unnecessary ad-
justments and delays.

P06: From the developers’ perspective, it is important to start with 
the latest available model, instead of trying and testing the older 
models and then adopting the newer models. We should stick 
to the plan without changing the timelines. So, it’s about better 
planning.

iii Consider user-friendliness during AI strategy design: Perceived ease-
of-use is a baseline requirement for adoption; therefore delineat-
ing a user-friendly solution should be top-priority of the design 
phase.

P02: The one is to make it easy to try. . . So, we build a really 
easy co-pilot studio chatbot that works with data from the web.

iv Recognize a business need, before starting an AI integration project : 
AI does not improve productivity and efficiency in all contexts; 
therefore it is critical to identify an existing business need that 
AI can address, rather than start adopting AI excessively.

P01: What we should focus on is being business-driven, to make 
sure that there is a business need. I think when we look at projects 
now, sometimes we have to take a step back and ask do we really 
need AI?

3 https://github.com/tavantzish/Appendix-Unpacking_AI_integration.
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Communication. The rapid AI advancements lead to constant changes 
and misconception among individuals. Hence, this dimension under-
scores the pivotal role of communication for AI integration.

i Communicate the change constantly : Getting people on-board 
might be challenging and hinder the adoption progress; therefore 
continuous communication with all stakeholders, internally and 
externally to the organization is necessary.

P01: I think the key lesson that we have learned is to over-
communicate. AI and what an AI transformation means to a large 
organization is so complex and it’s not enough to say it once. 
You have to over-communicate, you have to ingrain into people’s 
minds what the plan is, what the strategy is, and keep spreading 
the word.

ii Communicate the need for AI : Elucidating the motivation that 
turns AI transition into a pivotal shift for organizations can get 
stakeholders contribute to the change effort with their resources; 
therefore it is imperative to invest on inspiring and convincing 
all stakeholders.

P09: Then you need to ensure that people see it the same way, 
because it doesn’t matter if I think it’s a good idea to implement 
AI for a specific area and I can’t get my stakeholders to actually 
agree on this. Communication is a key.

Collaboration. Given the interdisciplinary nature of AI, collaboration 
is a critical element for smooth AI adoption. Hence, this dimension aims 
to ensure collaborative practices and engagement within organizations.

i Institutionalize knowledge and experience-sharing practices, such as 
internal forums and CoPs: Sharing knowledge and past expe-
riences can lead to patterns or anti-patterns identification in 
organization’s workflow, which can save resources, like time and 
money; therefore internal forums and Communities of Practice 
are initiatives that can aid this purpose.

P01: It’s about knowledge-sharing, for everyone to understand 
the potential of what we’re trying to do and how to do it, having 
internal forums and CoPs.

ii Form interdisciplinary teams: See Section 4.1.3 for rationale—DP:
Form a cross-functional AI team.

P03: I had some interns who were actually software developers, 
and they could teach me a lot. It was like we had sort of a little 
team. If I could, I would have done it one year earlier, because 
then they could have helped me all along my learning journey. 
I think it is crucial to network and communicate with different 
backgrounds, because then things can happen much easier and 
faster.

Governance and ethics. AI rise brings ethical challenges for orga-
nizations. Therefore, Governance and Ethics are foundational pillars 
for responsible AI integration — what is allowed and how organiza-
tions shall verify it. The following DPs aim to ensure responsible AI 
governance.

i Determine clear AI application guidelines: AI use brings risks and 
ethical implications. For example, practitioners could query 
models using sensitive data; therefore it is advisable to establish 
internal guidelines regarding the utilization of AI solutions.

P04: We have a general framework for using external solutions. 
Some colleagues used chatGPT, especially when we didn’t have 
yet available the internal tool. But then, they were very mindful 
about what to ask, to remove proprietary data and keep it generic, 
so that they can still have their answer and convert it back to 
something with proprietary information in it.

https://github.com/tavantzish/Appendix-Unpacking_AI_integration
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ii Monitor work quality to examine cases of over-reliance on AI : 
Over-reliance on AI may impact negatively critical thinking and 
creativity of individuals; therefore it is pivotal to introduce 
regular assessments and oversight to ensure that AI complements 
individuals’ and team’s efforts.

P03: I guess it would be like if somebody discovers this is not a 
good output or this is incorrect. Then that would be an issue, and 
it should be I guess the management team to check if happening 
and address it.

iii Evaluate and criticize the quality of AI outputs: AI outputs might 
encompass biases and not be relevant to particular contexts; 
therefore assessing AI outputs should be an integral part of the 
AI incorporation workflow.

P10: I’m thinking that maybe we shouldn’t trust AI so much. I 
mean, in that project I had, people trusted whatever the output 
that was generated, but it wasn’t always that accurate.

Leadership. Given the multifaceted nature of AI, Leadership initiatives 
constitute a decisive pillar for seamless AI adoption. The following DPs 
outline key leadership practices that enable effective, responsible, and 
purposeful AI integration.

i Set short-term goals: See Section 4.1.3 for rationale—DP: Set 
short-term goals.

P05: I think that would be difficult (to convince external stake-
holders). It would be a long time work and it will be by slowly 
adding things and achieving aims... And eventually they will build 
trust.

ii Establish a sense of urgency for AI adoption: See Section 4.1.3 for 
rationale—DP: Establish a sense of urgency.

P07: We need to be making these changes now because these 
organizations will be much more efficient than we will. So, we 
really need to be able to communicate it.

iii Define collective ownership: See Section 4.1.3 for rationale—DP:
Establish a shared need.

P03: I think feeling the ownership makes it easier to implement a 
change in the organization. People feel that it’s something that’s 
coming from us, rather than only from me. It’s something we do 
together.

iv Leverage talents for product and process innovation: Junior pro-
fessionals and recent graduates bring fresh perspectives and 
mindsets; therefore integrating their ideas in strategy design 
could increase the creativity, innovation and experimentation 
capacity.

P04: Maybe even chase some students who just finished studying 
AI and see what they can contribute and say okay, where do you 
think we can inject AI into our products to make it more efficient 
and cheaper, without substituting human presence.

v Provide reliable internal AI solutions: Using external solutions 
with proprietary data brings risks of data privacy; therefore 
companies should provide internal AI solutions to enable exper-
imentation.

P05: And then the availability is necessary as well. We have 
an AI set up within our network. So we can use it for company 
confidential documents, since a lot of the material we work with 
we don’t want to put it in the cloud and have it over to Google.

vi Promote collaboration with academia for research on AI : Collabo-
rations with academia can lead to innovative, interdisciplinary, 
empirical research and knowledge sharing; therefore engaging 
with universities supports responsible and trustworthy AI inte-
gration.
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P05: I think managers within our department, we have also been 
active again, doing research on AI, trying to find collaboration 
with universities.

vii Institutionalize skill verification activities: Increased AI capabili-
ties might allow people to overlook enriching their skill set 
and knowledge background; therefore skill verification activities 
should be integral part of AI incorporation.

P06: ...being over-reliant on GPT or AI makes you personally 
inefficient. So, let’s say without them, your skills will be zero 
in the future. I think companies should have some kind of skills 
verification.

viii Hire AI experts to facilitate the design of the strategy : Inadequate 
technical expertise can lead to misaligned investments and un-
foreseen barriers; therefore recruiting experienced AI profes-
sionals early in the design phase mitigates risks and enhances 
organizational readiness.

P08: We have a new AI expert in our HR team. So, we need 
more of these types of profiles who have the know-how. I think 
it’s always important to have these people on-board.

Organizational culture. Shifts in organizational culture appear to be 
salutary for AI incorporation. As a continuously evolving technology, AI 
requires a proactive culture, relying on experimentation and multiple 
iterations. This dimension aims to emphasize this need.

i Foster a culture of experimentation: See Section 4.1.3 for rationale
—DP: Encourage Experimentation through pilot projects.

P07: I think to be able to have hands-on experience. Nobody 
taught us how to use PowerPoint, which we tend to use a lot. 
We just learn how to do it by experimenting and it’s the same 
with AI. Try it, experiment, see what it can do.

ii Adopt Agile principles: Working in iterations and avoiding rigid, 
long-term plans is in line with the dynamic nature of AI; there-
fore incorporating agile principles and an iterative approach is 
beneficial.

P01: I think the nature of working with AI in our group leads to 
be more agile, because things are happening so fast both in the 
AI environment and in our company.

iii Foster an innovation-driven and proactive culture: AI integration 
demands continuous adaptation and openness to technologi-
cal change; therefore cultivating a proactive and innovation-
driven culture enables organizations to anticipate disruptions 
and sustain competitive advantage.

P04: Like I said, our customers are not asking for it. It would 
be good that a product manager would have an idea of what to 
implement, where to go, where to use it... Now it seems like we’re 
just waiting until an application pops up or we get forced to use it 
somehow, rather than looking for the opportunities to create even 
a competitive advantage over our competitors. Generally, a more 
self-initiative approach.

Up-skilling . AI technologies introduce new skills, like prompt engi-
neering. This dimension is related to initiatives that companies need 
to take to ensure that practitioners possess the required skills in the 
era of AI.

i Support the AI training of employees: AI brings new skills and 
it is vital to ensure practitioners’ robust knowledge founda-
tions; therefore companies should introduce up-skilling initia-
tives, such as training programs, coaching sessions, and work-
shops.
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Table 3
Thematic analysis outcome: proposed design principles grouped by dimension, with frequency of mention across participants.
 Dimension Theme — Design principle Frequency 
 
AI strategy design

Determine projects’ prioritization strategy 2  
 Develop AI strategy in line with the latest AI advances 1  
 Consider user-friendliness during AI strategy design 1  
 Recognize a business need before starting an AI integration project 7  
 Communication Communicate the change constantly 7  
 Communicate the need for AI 1  
 Collaboration Institutionalize knowledge and experience-sharing practices 4  
 Form interdisciplinary teams 2  
 
Governance & Ethics

Determine clear AI application guidelines 7  
 Monitor work quality to examine cases of over-reliance on AI 1  
 Evaluate and criticize the quality of AI outputs 2  
 

Leadership

Set short-term wins 2  
 Establish a sense of urgency for AI adoption 2  
 Define collective ownership 2  
 Leverage talents for product and process innovation 1  
 Provide reliable internal AI solutions 1  
 Promote collaboration with academia for research on AI 1  
 Institutionalize skill verification activities 1  
 Hire AI experts to facilitate the design of the strategy 1  
 
Organizational culture

Foster a culture of experimentation 6  
 Adopt Agile principles 1  
 Foster an innovation-driven and proactive culture 2  
 
Up-skilling

Support the AI training of employees 9  
 Calibrate understanding of AI capabilities and limitations 1  
 Introduce cross-generational mentoring sessions 1  
P09: The key here is to enlighten people, try to remove the fear. 
That’s one of the things we did during our workshops, where we 
tried to educate people on what they can do and communicate 
that we’re not trying to replace anybody, we’re trying to make 
them more efficient and up-skill them.

ii Calibrate understanding of AI capabilities and limitations: Under-
standing the capabilities of AI tools is essential for individu-
als to form realistic expectations regarding their performance; 
therefore cases of over-reliance on AI tools can be reduced.

P05: The more you use the tool, the less over-reliant you should 
be. I think you should have realistic expectations of AI and 
know the capabilities. For me, over-reliance is when you expect 
it to solve a problem, and it doesn’t. But if you’re trusting it 
for the 90% of your work and it solves the 100%, then it’s not 
over-reliance.

iii Introduce cross-generational mentoring sessions: Constant advance-
ments lead to variations in the educational background of prac-
titioners of different generations; therefore cross-generational 
mentoring sessions could increase the productivity and quality of 
collaboration between junior and more experienced individuals.

P08: I think there are big differences in how people are being 
educated now vs. 10 years ago vs. 20 years ago. So, we need to 
be prepared that those entering the workplace are going to have a 
completely different expectations. And creating these links, maybe 
with cross-generational mentoring, between the different parts of 
our workforce, I think, will be very important.

Table  3 exhibits the DPs that emerged from the thematic analysis, 
grouped by potential dimensions of the human-centric framework. 
Moreover, the table encompasses a column ‘‘Frequency’’, showing the 
number of participants that shared that particular DP. The frequency 
values can act as an indication of each DP’s relative importance. Higher 
frequency values are indicative of recommendations that may have 
already been adopted by different organizations. In contrast, lower 
frequency values may signify insights that are more domain-specific.

During RQ1, existing change management models did not address 
three identified sub-challenges. Table  4 demonstrates the mapping be-
tween the DPs that emerged from thematic analysis and these hurdles.
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Table 4
Mapping between the unaddressed BSE-related sub-challenges and the design 
principles that emerged from the thematic analysis.
 BSE-related 
sub-challenge

Dimension Design principle  

 Considerate use 
of external 
AI with 
company’s data

Governance & Ethics Determine clear AI application 
guidelines

 

 Leadership Provide reliable internal AI 
solutions

 

 Inter-generational 
collaboration

Up-skilling Introduce cross-generational 
mentoring sessions

 

 
Lack of skills due to 
AI

Governance & Ethics Monitor work quality to examine 
cases of over-reliance on AI

 

 Leadership Institutionalize skill verification 
activities

 

4.2.2. Summary of thematic analysis — RQ2 output
In addition to addressing the residual BSE-related sub-challenges, 

the thematic analysis resulted in the identification of twenty-one more 
themes that have the potential to enrich the core of the proposed 
framework. A comparison of the outcomes of RQ1 and RQ2 reveals 
similar DPs, like ‘‘Create sense of urgency for AI adoption’’. To avoid 
introducing duplicates and redundancy, we consolidated such steps.

Fig.  A.6 (see Appendices) illustrates the dimensions of the proposed 
framework and their key DPs. The light blue boxes represent the DPs 
that arose by the literature review, while with light yellow are the ones 
that emerged from the thematic analysis. Finally, the light green boxes 
symbolize the DPs that appeared in both processes.

To improve clarity and readability, we clustered the nine dimen-
sions of the framework into three overarching levers, namely Di-
rection, People, and Guardrails. This grouping reflects the distinct 
roles these dimensions play in organizational transformation. Direction
captures the strategic and evaluative mechanisms that guide change—
Strategy Design and Evaluation. People encompasses the human and 
cultural drivers of organizational change, including Leadership, Orga-
nizational Culture, Collaboration, and Up-skilling. Guardrails represent 
the structural, ethical and political constraints that shape how initia-
tives are governed and sustained over time —Governance and Ethics 
and Organizational Dynamics. Together, these three levers integrate 
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strategic intent, organizational capabilities, and human and behavioral 
dynamics, offering a more integrated view of how AI transformation 
unfolds in practice.

RQ2 take-away: Thematic analysis substantially enriched the 
foundation established in RQ1. It introduced levers absent from 
conventional models, such as mechanisms for skill verification. 
Hence, the framework was extended to incorporate the BSE-
informed perspective that is missing from prior change models.

4.3. RQ3 — Applicability of the framework

In preliminary exploratory discussions, industry experts acknowl-
edged that the importance of components such as Communication is 
already well recognized. Therefore, RQ3 seeks to explore this area more 
deeply by proposing actionable steps for each DP, thereby enhancing 
the study’s relevance to organizational contexts. In other words, the 
DPs represent mid-level organizational design orientations that guide 
the overall direction of the organization, rather than discrete actions 
or intended outcomes. The actionable steps listed alongside each DP 
serve as concrete means to operationalize these orientations.

To achieve this, we utilized the outcomes of thematic analysis, exist-
ing peer-reviewed research, and grey literature. In certain instances, we 
provided our own recommendations. This systematic approach forms 
a more robust evaluation of the framework. While several actionable 
steps are grounded in empirical research, others are derived from prac-
titioners’ interviews or authors’ experience. We therefore distinguish 
evidence-backed components from those that require future empirical 
study to confirm their effectiveness.

The following tables (Tables  5–13) present the actionable steps that 
support the applicability of the proposed DPs. These actions are catego-
rized by each dimension of the framework, thus improving readability 
and avoiding the introduction of a single, overwhelming table. The 
final column, ‘‘References’’, cites the key resources that informed the 
development of each tangible step.

Table  5 presents the actionable steps for the AI strategy design di-
mension. Forming interdisciplinary teams with clear roles and respon-
sibilities is beneficial to address the multifaceted challenges associated 
with AI adoption, as shared by P01 and P03. For example, engaging 
people of legal department ensures adherence to both national and 
ethical standards. Finally, involving domain experts in the AI strategy 
design, even without much experience with AI technologies, could 
facilitate considering the uniqueness of the field.

Modica et al. (2010) explain the pivotal role of determining prioriti-
zation criteria and their weights. Then, stakeholders assign their ranks 
for the projects, forming the decision matrix. Moreover, P05 explained 
how cooperating with academia can facilitate forming the AI strategy, 
while P8 mentioned that hiring AI experts has positively affected their 
progress.

P01 noted that the development of AI solutions often prioritizes 
technical aspects, neglecting user testing and feedback mechanisms, 
such as user acceptance testing. This insight aligns with Venkatesh 
and Davis (1996), who emphasize that hands-on experience is crucial 
for assessing ease of use. Therefore, involving users throughout the 
design process is essential for ensuring user-friendliness. Additionally, 
P01 highlighted the importance of conducting ‘‘business case analy-
sis to identify existing business needs before integrating AI technologies’’. 
This involves pinpointing organizational pain points and understanding 
market needs through targeted surveys and interviews (Online, 2022).

Table  6 exhibits the tangible steps related to the AI Strategy 
Evaluation dimension. Remenyi and Sherwood-Smith (Remenyi and 
Sherwood-Smith, 1999) proposed a systematic approach for the con-
tinuous evaluation of information systems. This process involves es-
tablishing an evaluation team composed of users, managers, engineers, 
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and developers. Their responsibilities include defining business success 
criteria and designing a multi-metric evaluation framework to assess 
them.

Subsequently, regular evaluation sessions should be scheduled to 
analyze these metrics and implement necessary adjustments. The multi-
metric framework may incorporate Key Performance Indicators (KPIs) 
aligned with organizational priorities. For example could encompass: 
(i) strategic aspects, such as the rate of AI Projects aligned with or-
ganizational objectives — assesses how well AI integration supports 
organizational goals, (ii) operational aspects, such as the rate of re-
work of AI-Generated Content — measures output quality and human 
correction burden, and (iii) human-centric aspects, such as Automation-
to-Human Oversight Ratio — evaluates the balance between automated 
generation and human review or approval, and Compliance or Ethical 
Review Incidents Related to AI — tracks adherence to data governance 
and ethical standards.

Table  7 outlines the DPs and necessary steps to ensure Collab-
oration during the AI integration process. As P01 and P03 stated, 
AI constitutes a technology that spans multiple domains. Thus, it is 
essential to bring together individuals from various backgrounds, like 
IT, business or legal, and establish clear roles within their workflow. 
This will increase the quality of their cooperation, comparing to relying 
on communication channels between different departments, working 
on their own projects.

Moreover, sharing knowledge and experience is vital to improve 
team effectiveness and avoid repeating mistakes that waste resources, 
such as money and time. Earlier research findings (Abu-Shanab et al., 
2014) indicate a positive correlation between knowledge-sharing prac-
tices and organizational learning, the latter being a prerequisite for 
preserving competitive advantage. P01 suggested Communities of Prac-
tice (CoPs) and internal forums as ways to facilitate knowledge and 
experience-sharing, while Calantone et al. (2002) proposed that organi-
zations should document and share lessons learned from past projects.

Table  8 demonstrates the actionable DPs for the Communication
dimension. Kujala et al. (2022) underscores that one-way or two-
way information flows form strategic stakeholder engagement. For 
instance, the strategy could include newsletters, presentations, and 
written reports as a one-way flow of information, or anonymous sur-
veys, interviews, and stakeholder observations as means of gather-
ing feedback through a two-way communication flow. This enables 
stakeholders, including employees, to articulate their perspectives and 
express concerns.

Establishing a well-defined and transparent communication strat-
egy requires the identification and documentation of both formal and 
informal communication channels. To support direct and ongoing in-
teractions among stakeholders, organizations may utilize platforms 
such as Slack by creating dedicated channels for AI-related topics, 
thereby enhancing the dissemination of relevant information. In ad-
dition to specifying communication methods, a comprehensive com-
munication plan should also encompass the communication objectives, 
identify the target audience, and outline implementation and evalua-
tion procedures, including timelines and feedback mechanisms (Gemert 
and Woudstra, 1999). These elements are essential considerations for 
organizations when designing their AI communication plan.

Table  9 contains the applicable DPs for the Governance and Ethics
dimension of the proposed framework. As multiple interviewees stated, 
organizations should offer rules and directions on the utilization of 
AI solutions, with a focus on external ones. These instructions should 
explain situations that the use of AI solutions is not permitted and 
guidelines to anonymize proprietary information, before prompting to 
AI products.

The University of Toronto Library (of Toronto Library, 2025) has 
published a road-map for the evaluation of AI tools and their gen-
erated outputs. The output assessment pertains to the significance 
of linking AI-generated outcomes to real-world examples, ensuring 
their alignment with reality, and comparing model’s performance with 
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Table 5
Actionable steps for the design principles of the AI Strategy Design dimension.
 Design principle Actionable steps References  
 Be aware of parameters within the 
external environment, such as regulation

Bring together people with different educational 
backgrounds, such as IT, business, AI, and legal 
backgrounds

P01, P03  

 Establish clear roles within the team  
 Design tailored solutions, considering 
the unique nature of the domain

Involve domain experts in the design of the AI 
strategy

Authors’ suggestion  

 Determine projects’ prioritization 
strategy

Define prioritization criteria and their weight Modica et al. (2010)  
 Collect stakeholders’ ranks  
 Develop AI strategy in line with the 
latest AI advances

Establish connections with academia to track and 
contribute to AI research advances

P05  

 Hire AI experts to design and update the strategy P08  
 Consider user-friendliness during AI 
strategy design

Include users in the loop, conducting user 
acceptance tests

P01,
Venkatesh and Davis (1996)

 

 Recognize a business need before 
starting an AI integration project

Conduct interviews and questionnaires to capture 
organization’s pain points and/or market needs

Harvard Business 
School (Online, 2022)

 

 Perform business case analysis P01  
Table 6
Actionable steps for the design principles of the AI Strategy Evaluation dimen-
sion.
 Design principle Actionable steps References  
 Continuously 
evaluate the 
integration process

Create an evaluation team 
comprising different roles Remenyi and 

Sherwood-Smith 
(1999)

 

 Define clear business success 
criteria

 

 Define and monitor 
KPIs for integration 
goals

Determine a multi-metric system, 
including KPIs

 

 Set regular evaluation sessions to 
monitor and adapt the strategy

 

Table 7
Actionable steps for the design principles of the Collaboration dimension.
 Design principle Actionable steps References  
 Form a 
cross-functional 
team

Bring together people with 
different educational 
backgrounds, such as IT, business, 
AI, and legal backgrounds

P01, P03  

 Establish clear roles within the 
team

 

 Institutionalize 
knowledge and 
experience-sharing 
practices

Set up internal forums and 
Communities of Practice

P01  

 Share lessons learned from past 
projects

Calantone et al. 
(2002)

 

human efforts. This indicates the necessity for maintaining human 
in the loop, ensuring the supervision and reliability of AI-generated 
outputs. Similarly, organizations could introduce AI oversight roles. 
The purpose of such roles would be to monitor and review AI-assisted 
work, performing audits to certify that people work with AI tools in a 
critical manner, avoiding over-reliance on GenAI.

Table  10 exhibits the actionable steps to execute the DPs that are 
associated with the Leadership dimension. In their work, Nazir et al. 
(2024) emphasized a research gap concerning collective ownership, 
concentrating on the ways to cultivate this sense. However, based on 
psychological theory, they proposed that the formation of collective 
ownership feelings can be achieved through the following three mech-
anisms: (i) developing a common understanding of the project and 
its goals, (ii) ensuring active collaboration within the team, and (iii) 
cultivating a sense of control on their tasks.

Creating a sense of urgency regarding AI integration aligns with the 
initial stage of Kotter’s change management model (Kotter, 2012). In 
a subsequent work (Kotter, 2008), Kotter outlined four key steps to 
cultivate this urgency: (i) bring the outside in (recognize opportunities in 
the market), (ii) behave with urgency every day (yesterday’s success does 
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Table 8
Actionable steps for the design principles of the Communication dimension.
 Design principle Actionable steps References  
 Engage with 
stakeholders

Initiate stakeholder 
communication through one-way 
information flows, such as 
newsletters, as a first step 
towards engagement

Kujala et al. (2022)  

 Initiate two-way information 
flows, e.g. anonymous surveys, 
with primary stakeholders

 

 Listen to employees’ 
concerns

Use two-way information flows, 
such as anonymous surveys, 
interviews, and observations

 

 Establish constant 
communication 
channels with all 
stakeholders

Create AI-specific channels in 
communication platforms, such as 
Slack

Authors’ suggestion  

 Structure a clear 
communication strategy 
with all stakeholders

Determine communication goals
Gemert and 
Woudstra (1999)

 
 Determine means of 

communication
 

 Determine target 
groups/stakeholders

 

 Determine implementation and 
evaluation strategy

 

Table 9
Actionable steps for the design principles of the Governance and Ethics dimen-
sion.
 Design principle Actionable steps References  
 Determine clear AI 
application guidelines

Explain situations where 
utilizing AI solutions is not 
permitted

P01, P04,P06–P10 

 Describe when and how to 
anonymize proprietary and 
sensitive data, before using AI 
solutions

 

 Evaluate and criticize the 
quality of AI outputs

Compare AI-generated results 
with real-world examples

University of 
Toronto Library 
(of Toronto 
Library, 2025)

 

 Keep human in the loop and 
compare their judgments with 
AI outputs

 

 Monitor work quality 
to examine cases of 
over-reliance on AI

Introduce AI oversight roles to 
audit AI-assisted work

Authors’ 
suggestion

 

not prevent tomorrow’s failure), (iii) find opportunity in crises, and (iv) deal 
with no-nos (people that are not open-minded). Similarly, articulating a 
shared and well-defined need for AI adoption is critical for facilitating 
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organizational change. Conducting industry benchmark analyses, iden-
tifying organizational pain points that AI can address, and transparently 
sharing these findings can aid instilling this shared need.

Agarwal (1998) investigated four organizational reward strategies, 
among which implementing team-based incentives, like performance 
bonuses for proposing and executing innovative AI initiatives can foster 
collaboration and encourage experimentation with emerging technolo-
gies. While skill verification activities own a pivotal role in recruitment 
processes, Alami et al. (2024) listed best practices in online hiring for 
Software Engineering roles. Rather than relying solely on automated 
platforms, they advocate for incorporating task-oriented and targeted 
questions to assess technical skills, AI detection methods to filter auto-
mated responses, and qualitative manual reviews to ensure authenticity. 
Thereby, they underscore the importance of human involvement. Such 
skill assessment practices can be integrated into employee development 
programs, not just hiring.

As P05 highlighted, collaboration between industry and academia 
is salutary for the former. For example, organizations gain insights to 
the latest advancements in AI research and can establish connections 
with emerging talents capable of driving innovation. Joint research 
initiatives, in particular, offer long-term strategic value. In a similar 
vein, events like Hackathons can enhance firms branding and serve as 
effective recruitment tools for attracting skilled professionals.

Dalrymple et al. (2024) proposed the Guaranteed Safe (GS) AI 
framework to ensure the safety and reliability of AI systems. This 
framework consists of four components: the Formal Safety Specification, 
which defines strict safety constraints for AI systems, the World Model, 
a structured representation for predicting and mitigating risks, the 
Verifier, which guarantees compliance with the safety specifications, 
and the Deployment Infrastructure, which serves as a monitoring and 
control mechanism during system operation. By adhering such struc-
tured methodologies, organizations can enhance the trustworthiness of 
their AI deployments. Additionally, incorporating transparent means 
of communication, like FAQs, regarding the use of data can further 
reinforce system’s reliability.

Finally, Laoyan (2025) stated the value of setting short-term goals as 
a mechanism for building project momentum. The process begins with 
clearly defining measurable goals, followed by breaking them down 
into smaller, actionable steps. Assigning specific timelines to each task 
helps ensure continuous and steady progress and reduces the risk of 
procrastination.

Table  11 displays the tangible steps that ensure the applicability of 
the Organizational Culture dimension. Agility can be defined as the 
ability to sense and respond to change (Tallon et al., 2019). According 
to Adebayo (2022), successful Agile adoption is associated with four 
key factors: leadership buy-in, cross-functional collaboration, continuous 
learning, and employee empowerment. Top management should embrace 
Agile principles, such as by ensuring flexibility and teams empow-
erment. Promoting cross-departmental collaboration fosters creativ-
ity and problem-solving capabilities. In parallel, continuous feedback 
mechanisms drive both product and process improvements, ensur-
ing adaptability. Finally, encouraging collective ownership enhances 
innovation and accountability, strengthening an Agile mindset.

Kumar (2024) introduced a framework identifying drivers of in-
novation. Central to this framework is the establishment of a psy-
chologically safe environment, where employees feel autonomous to 
experiment, collaborate, and exercise creativity. Endorsement of such 
initiatives, along with the implementation of incentive systems, can 
significantly improve the levels of creativity. Nevertheless, it is cru-
cial to define organization’s risk capacity to maintain balance be-
tween exploitation of current capabilities and exploration of novel 
opportunities.

On a similar note, Thomke in his report to Harvard Business School 
(Thomke, 2024), highlighted the attributes of a robust experimen-
tation culture, encompassing continuous learning, structured reward 
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systems, leadership support, and employee empowerment. Complemen-
tary, Pulido and Taherdoost (2024) underscored the importance of 
embracing experimentation through the initiation and funding of pilot 
projects.

Table  12 illustrates the actionable steps of the Organizational Dy-
namics dimension. Wan et al. (2020) suggest that determining a trans-
parent and constant communication strategy is essential for staying 
aware of the organizational timing and the pressures that might take 
place during the change process. As a concrete implementation of this 
principle, establishing dedicated AI-specific channels in platforms, such 
as Slack, could foster engagement between different roles. Several orga-
nizational situations are particularly suited to such channels, including 
communicating policy or tool updates, distributing shared resources 
like prompts or context files, surfacing unexpected AI outputs, and 
facilitating dialogue between peers and top management about AI-
related concerns. This could enable knowledge-sharing across roles to 
capture concerns and mitigate resistance.

Several change management models, such as Kotter’s (2012), ne-
cessitated the support of influential people, to reduce conflicting views 
regarding the upcoming change. In this regard, Jick (1993) introduced 
a methodology to identify key individuals or groups whose support 
is critical. This approach encompasses defining the necessary mass to 
achieve the change, developing a strategy to secure their commitment, and
establishing a monitoring system to track the progress.

Finally, Table  13 manifests the tangible steps responsible for Up-
skilling dimension. P08 explained in their interview that different 
generations have quite various educational foundations. Hence, cross-
generational sessions, pairing younger employees with richer AI back-
ground with senior staff for mentorship may improve their collabora-
tion.

Many interview participants emphasized the importance of AI train-
ing initiatives, such as hands-on workshops and both mandatory and 
optional training programs, in establishing a shared understanding of 
AI technologies. Similarly, offering tailored training that accounts for 
individuals’ personality and attitudes towards AI can enhance learning 
effectiveness. Complementing these efforts with demonstrations of real-
world AI use cases can provide a more holistic perspective on the 
capabilities and limitations of AI systems.

P07 elaborated on the value of hiring AI coaches to guide em-
ployees in effectively utilizing AI tools and technologies. Hilali et al. 
(2020) concluded that effective coaching and mentoring require clear 
objectives, strong interpersonal relationships, and structured communi-
cation. Setting measurable goals for individual performance and team 
growth, along with consistent and transparent feedback, helps cultivate 
trust between employees and their coaches or mentors. Hence, this ap-
proach can create supportive environments that promote both personal 
and business growth.

Lastly, London and Smither (1999) explored strategies to nurture 
a culture of continuous learning culture within organizations. Key 
enablers include constructive feedback, skill-based payments, and self-
management training. Continuous feedback loops allow individuals to 
identify areas for development more accurately, while career centers 
and self-assessment tools support setting personal development goals. 
By rewarding skill acquisition, companies can motivate employees 
to embrace ongoing learning and remain adaptable to the emerging 
challenges.

RQ3 take-away: This RQ developed the lower level of the early-
stage BSE-informed framework by adding actionable steps to 
each DP. This aimed to improve the framework’s applicability 
and form the baseline for RQ4.
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Table 10
Actionable steps for the design principles of the Leadership dimension.
 Design principle Actionable steps References  
 
Define collective ownership

Develop a common understanding of the project and its 
goal Nazir et al. (2024)

 

 Ensure active collaboration of the team members  
 Cultivate a feeling of control in team members’ tasks  
 
Establish a sense of urgency

Bring the outside in
Kotter (2008)

 
 Behave with urgency every day  
 Find opportunity in crises  
 Deal with the no-nos  
 
Establish a clear and shared need

Perform industry benchmark analysis Authors’ 
suggestions

 
 Identify pain points that AI can address  
 Share the results of the analysis  
 Encourage AI adoption and 
experimentation by rewarding desired 
behaviors and achievements

Institutionalize a reward system Agarwal (1998)  

 Hire AI experts to facilitate the design 
of the AI strategy

Further break-down is not feasible –  

 Institutionalize skill verification activities Involve human in the hiring process to have manual 
assessment of individuals’ skills

Alami et al. (2024)  

 Include skill assessments in employee development plans Authors’ suggestion  
 Leverage talents for product and process 
innovation

Develop partnerships with universities P05  
 Organize events, such as hackathons Authors’ suggestion  
 Promote collaboration with academia for 
research on AI

Create joint research projects P05  

 Provide reliable internal AI solutions Follow structured protocols and frameworks, such as the 
GS AI framework

Dalrymple et al. (2024)  

 Accompany the internal AI solution with a FAQ endpoint Authors’ suggestion  
 
Set short-term wins

Define the goal
Laoyan (2025)

 
 Break the goal into steps  
 Set a timeline  
Table 11
Actionable steps for the design principles of the Organizational Culture dimension.
 Design principle Actionable steps References  
 
Adopt Agile principles

Support agile principles from top management
Adebayo (2022)

 
 Encourage cross-functional collaboration  
 Encourage continuous learning and establish feedback mechanisms  
 Promote employees’ empowerment and ownership  
 
Foster an innovation-driven and 
proactive culture

Cultivate a psychologically safe environment

Kumar (2024)

 
 Ensure seniors’ support  
 Ensure the appropriate knowledge and technical expertise  
 Introduce a reward system  
 Determine the risk capacity  
 

Foster a culture of experimentation

Promote and fund pilot projects Pulido and Taherdoost 
(2024)

 

 Introduce a reward system
Thomke (2024)

 
 Support continuous learning  
 Ensure seniors’ support  
 Support employees’ empowerment  
Table 12
Actionable steps for the design principles of the Organizational Dynamics
dimension.
 Design principle Actionable steps References  
 Be aware of the 
organizational situation, 
which might indicate 
internal pressures or 
resistance

Create AI-specific channels in 
communication platforms for 
updates, announcements and 
knowledge-sharing

Authors’ 
suggestion

 

 Secure the political 
support of key 
players

Identify influential individuals or 
groups Jick (1993)

 

 Define the necessary mass to 
support the change

 

 Develop a plan to gain the 
commitment of the critical mass

 

 Track the progress  
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4.4. Survey results

We surveyed SE professionals to collect their impressions regarding 
the high-level overview of the proposed framework, encompassing the 
dimensions and the respective DPs. The survey distribution lasted five 
weeks and resulted in 140 responses. We removed 35 responses (25%) 
because they were incomplete or failed our predefined authenticity 
checks. This exclusion rate is within the anticipated range in studies 
conducted via Prolific.

4.4.1. Demographic information
The objective of the survey was exploratory, involving individuals 

that hold various positions of different backgrounds and have different 
years of experience. Of the 105 respondents, 81% were male, 18%
were female, and 1% were no-binary. The participants are located in 
eight distinct countries, with the most representations coming from 
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Table 13
Actionable steps for the design principles of the Up-skilling dimension.
 Design principle Actionable steps References  
 Introduce cross-generational mentoring 
sessions

Pair younger employees with AI knowledge and 
experience with senior staff for mentorship

P08  

 
Provide AI training for employees

Set up hands-on workshops P02, P03, P08  
 Set up mandatory and optional programs P01, P04, P06, P07, P09  
 Set up tailored training programs Authors’ suggestion  
 
Provide AI mentoring and coaching 
sessions

Hire AI experts as coaches P07  
 Set measurable goals

Hilali et al. (2020)
 

 Establish continuous and transparent feedback loops  
 Cultivate trust between employees and 

coaches/mentors
 

 Institutionalize continuous learning 
initiatives

Establish continuous and transparent feedback loops
London and Smither (1999)

 
 Introduce skill-based payment system  
 Develop self-management awareness  
 Calibrate understanding of AI 
capabilities and limitations

Provide AI training initiatives Authors’ 
suggestions

 
 Demonstrate real-world AI case studies  
the United Kingdom (40%), Sweden (20%), and the United States of 
America (18%).

Our sample prominently featured individuals holding software de-
veloper (48%) and team lead (14%) roles, making up 62% of all 
respondents. Other significant positions included Data Analysts/Data 
Engineers/Machine Learning Engineers (10%), DevOps Engineers (7%), 
and high leadership roles, such as CEO and CIO (7%). The remaining 
respondents held System Architecture (4%), Quality Assurance (4%), 
and other roles (6%).

In terms of work tenure, there was almost equal distribution across 
the different groups of work experience. While entry-level (0–5 years of 
experience) and mid-senior (11–20 years of experience) positions were 
the most frequent groups across the sample — both appeared in the 
30% of the responses — there was significant representation of mid- 
(5–10 years of experience) and senior-level (20+ years of experience) 
individuals—22% and 18% respectively.

4.4.2. Current AI integration landscape
The first part of the survey was devoted to the challenges that 

SE organizations face during AI incorporation. Ethical considerations
are central to current AI integration efforts, with Risk aversion due to 
sensitive data and Considerate use of external AI solutions being mentioned 
49 and 41 times, respectively. Challenges regarding organizational 
processes also appeared prominently. Particularly, Keeping up with AI 
advancements and Identify cases where AI is effective and where it is not
were cited by 34 and 31 respondents. Additionally, Organizational 
Politics emerged as a key factor, with Handling differing views on AI 
transformation appearing in 21 responses. Interestingly, only one new 
challenge was added to the existing list, indicating that the initial 
group of BSE-related challenges (Tavantzis and Feldt, 2025) effectively 
captured the main obstacles of early-stage AI integration.

The average rating of existing organizational initiatives to address 
these challenges was 3.05 out of 5, indicating room for improvement 
and highlighting the need for a structured framework to support them. 
While the 63.8% of the respondents identified the existence of an 
internal AI integration strategy, almost 13% were uncertain about the 
existence of such a strategy. While the percentage is relatively low, 
this uncertainty underscores the need for clearer and more consistent 
communication. Among those aware of their organization’s strategy, 
the mean satisfaction score was 3.61. This score suggests a generally 
positive experience, but also indicating opportunities for organizations 
to incorporate employees’ feedback and tailor their strategy based on 
their insights.

4.4.3. Overall impressions for the proposed framework
The respondents rated the proposed framework as relatively easy 

to understand, with an average score of 3.17 out of 5. The primary 
concern affecting comprehension was its complexity, stemming from 
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multiple dimensions and numerous DPs per dimension. However, given 
the inherently multi-dimensional nature of AI integration, a certain 
level of complexity is anticipated, as some respondents conveyed. 
Participants recommended the potential classification of dimensions 
and DPs, sharing their concern though that these multiple layers could 
increase the complexity of the artifact.

Importantly, only four respondents indicated that the framework 
is ineffective. In fact, 28.6% believed it could fully help organizations 
overcome AI-related challenges, while 67.6% saw it as partially helpful. 
This finding supports the view that there is no one-size-fits-all solution 
and organizations should tailor the framework to their specific contexts.

Participants’ feedback also pertained to the applicability of the 
framework, reinforcing the need for prioritizing the dimensions and 
DPs, and supplementing actionable steps linked to each DP. Although 
such steps were included in the broader proposal, they were excluded 
from the survey to ensure quality in the responses. Additionally, a 
few respondents highlighted the importance of keeping the framework 
up-to-date and considering technical aspects as well — like technical 
infrastructure — noting that rapid progress demands regular updates 
to remain relevant and effective.

4.4.4. $100 method — Dimensions prioritization
The final section of the survey was devoted to the perceived im-

portance of dimensions for participants, using the $100 method. Table 
14 shows the summary of the descriptive statistical analysis. Notably, 
budget prioritization reflects practitioners’ current pain points, not 
necessarily the long-term determinants of successful AI transformation. 
Because many respondents are early in their AI adoption journey, their 
ability to identify long-term success factors may be limited.

The $100-method allocations are compositional, as allocations are 
bounded and sum to a fixed total. While mean values are commonly re-
ported in exploratory analyses, 95% bootstrap confidence intervals are 
also provided to indicate sampling variability. Given the exploratory 
nature of the study, we consider the use of descriptive statistics and 
the Scott–Knott ESD algorithm appropriate.

Up-skilling and AI Strategy Design emerged as the most critical 
dimensions for successful AI integration, with mean scores of 15.2 
and 15.1. This suggests that SE practitioners place strong emphasis on 
developing internal capacity and establishing clear strategic planning 
for early-stage AI integration. Governance and Ethics ranked third 
in perceived importance (11.6), followed closely by AI Strategy Eval-
uation (11.4) and Leadership (11.0), reflecting growing awareness 
of oversight and accountability mechanisms once AI initiatives are 
underway.

Surprisingly, Organizational Dynamics was rated the least impor-
tant dimension, despite Differing internal views on AI adoption being 
a frequently cited challenge. This discrepancy indicates that polit-
ical, cultural, and structural aspects across organizations are often 



T. Tavantzis et al. The Journal of Systems & Software 243 (2027) 113063 
Fig. 4. Dimensions’ prioritization per group of working experience.
Table 14
Descriptive statistics of survey data: dimension prioritization scores from the 
$100-method.
 Dimension Mean Std. Dev. CI 95% Median Min Max 
 AI strategy design 15.1 7.7 [13.6, 16.6] 15 0 40  
 AI strategy evaluation 11.4 5.6 [10.3, 12.5] 10 0 30  
 Collaboration 9.6 5.5 [8.5, 10.6] 10 0 30  
 Communication 10.6 5.7 [9.5, 11.7] 10 0 30  
 Governance & Ethics 11.6 7.8 [10.1, 13.1] 10 0 50  
 Leadership 11.0 8.1 [9.5, 12.6] 10 0 63  
 Organizational culture 8.4 5.4 [7.4, 9.4] 9 0 30  
 Organizational dynamics 7.1 4.4 [6.2, 7.9] 5 0 30  
 Up-skilling 15.2 9.6 [13.3, 17.0] 12 0 50  

under-recognized or insufficiently discussed. Although some respon-
dents expressed extreme positions—as shown by the wide minimum 
and maximum values in Table  14—the relatively narrow 95% con-
fidence intervals suggest a moderate level of consensus around the 
relative importance of each dimension.

Fig.  4 illustrates mean prioritization scores for the dimensions of 
the proposed framework, grouped by respondents’ years of professional 
experience (0–5, 6–10, 11–20, and 21+ years). Overall, two dimensions 
—AI Strategy Design and Up-skilling— receive consistently high mean 
scores across experience groups, while other dimensions show greater 
variation.

Early-career respondents (0–5 years) rate AI Strategy Design and
Up-skilling highest with a notable difference to the remaining dimen-
sions, indicating a strong preference for structured planning and capac-
ity building. Respondents with 6–10 years emphasize Communication,
Collaboration, and Organizational Dynamics more strongly than other 
groups, which may reflect increased exposure to cross-team coordina-
tion and change-management responsibilities at mid career. The 11–20 
year group largely follows the overall ranking pattern (this group 
comprised the largest share of respondents together with the group 
with 0–5), while practitioners with 21+ years place relatively greater 
importance on Leadership, consistent with more senior strategic roles.
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4.4.5. Scott-Knott algorithm
We employed the Scott-Knott Effect Size Difference (ESD) test to 

cluster the framework’s dimensions according to their mean scores de-
rived from the $100 method. This analysis provides practitioners with 
a shared understanding of the relative importance of the dimensions by 
grouping them accordingly.

As illustrated in Fig.  5, the dimensions are organized into five 
distinct groups. The first group includes AI Strategy Design and Up-
skilling, which represent the highest-priority dimensions. The second 
group comprises four dimensions—Governance and Ethics, AI Strategy 
Evaluation, Leadership and Communication—followed by three single-
dimension groups: Collaboration, Organizational Culture, and Organiza-
tional Dynamics.

4.5. Early feasibility check results

We conducted two expert review workshops to supplement the 
survey data and complete the preliminary evaluation of the proposed 
framework. The objective of these sessions was to collect professionals’ 
input regarding the relevance and clarity of the recommended steps 
within the industrial context.

4.5.1. Demographic information
The sessions included individuals actively involved in AI strat-

egy decision-making within their organizations, enabling collection 
of in-depth insights across all framework dimensions. Three partici-
pants represented the Automotive industry, while one came from the 
Aerospace sector. Table  15 presents descriptive information about their 
organizations.

Table  16 provides descriptive information of the sessions’ partici-
pants. The group was diverse across several dimensions. Participants 
represented two experienced age groups, offering perspectives shaped 
by their experiences. Gender diversity further enriched the discussions. 
The participants also held different roles, including managerial po-
sitions with both technical and business expertise, which expanded 
the depth of insights gathered. Due to work obligations, only three 
professionals participated in the data collection.
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Fig. 5. Statistically distinct clusters of framework dimensions based on Scott-Knott ESD test results.
Table 15
Descriptive information of the organizations represented in the workshop 
sessions.
 Org. ID Participant IDs Company Size Domain  
 Org01 Pt01, Pt02, Pt03 102,000 Automotive 
 Org02 Pt04 24,500 Aerospace  

Table 16
Descriptive information of the workshop participants.
 Participant ID Age group Gender Current role Work experience  
 Pt01 45–54 Male Manager >10 years  
 Pt02 35–44 Female Expert Product 

Strategy Manager
>10 years  

 Pt03 35–44 Male Technology & 
Strategy Leader for 
AI

>10 years  

 Pt04 35–44 Male Group Manager >10 years  

Table 17
General insights from the early feasibility check: mean clarity and applicability 
scores of the design principles across framework dimensions (1–5 scale).
 Dimension DPs clarity Steps applicability 
 AI Strategy Design 4.33 3.67  
 AI Strategy Evaluation 4.00 4.00  
 Collaboration 4.00 3.33  
 Communication 4.67 4.67  
 Governance & Ethics 4.33 4.00  
 Leadership 4.33 3.67  
 Organizational Culture 3.67 3.00  
 Organizational Dynamics 4.33 3.67  
 Up-skilling 4.33 3.00  

4.5.2. Early feasibility check overview
Table  17 summarizes the preliminary feedback from the workshop 

participants on the clarity and applicability of the proposed framework. 
Overall, the clarity of the DPs was rated highly, with nearly all dimen-
sions receiving mean scores of 4 or above out of 5. The exception was 
Organizational Culture, which received a slightly lower score (3.67).

In contrast, the applicability of the proposed steps for each di-
mension received lower scores. While certain dimensions, such as 
Communication, were seen as highly actionable, most were rated closer 
to the midpoint value of 3. This suggests that although the framework is 
generally clear, there is room for improvement and further refinement 
to improve practical implementation. Notably, the applicability scores 
obtained in the workshops reflect role-specific feasibility judgments 
rather than general usability assessments.

An interesting trend appears when comparing the applicability 
scores (see Table  17) with the mean $100-method allocations across 
dimensions (see Table  14). Fig.  A.7 (see Appendices) visualizes this 
pattern by mapping the perceived importance of each framework’s 
dimension against its perceived implementation difficulty. While SE 
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practitioners acknowledge the high applicability and long-term impor-
tance of dimensions such as Governance and Ethics, they still allocated 
comparatively little budget to it.

This divergence can be interpreted in multiple ways. One possibility 
is what we term the early-stage paradox: SE practitioners recognize 
the necessity and feasibility of enablers like Governance and Ethics, yet 
concentrate early efforts on visible, short-term, high-impact areas rather 
than on building a sustained integration foundation. However, an alter-
native explanation is that organizations are consciously prioritizing 
speed, experimentation, and capability building before investing in 
safety-oriented or governance-related structures—potentially accruing 
technical debt in the process. Rather than a paradox per se, this 
pattern may reflect strategic sequencing or limited awareness of future 
governance needs.

AI Strategy Design emerged as a high-priority dimension, receiving 
a mean score of 4.33 regarding the clarity of its DPs (see Table  17). 
However, their applicability was rated slightly lower (3.67), suggesting 
that while some steps are actionable, others may lack effectiveness in 
practice.

Among the recommended actions, only forming a cross-functional 
team was unanimously deemed applicable. Other useful steps included
involving domain experts, conducting interviews, and analyzing business 
cases. Conversely, defining prioritization criteria and collecting stakehold-
ers’ ranks were neither experienced nor considered applicable by the 
participants.

On the other hand, no step was unanimously considered as inap-
plicable, but opinions varied. For instance, some valued interviews for 
identifying organizational needs, while others found them ineffective. 
One participant also noted the difficulty of hiring AI experts with suf-
ficient domain knowledge and following a structured methodology for 
projects’ prioritization.

AI Strategy Evaluation showed similar patterns to the AI Strategy 
Design dimension, with both clarity and applicability receiving a mean 
score of 4, implying well-defined and feasible DPs.

All suggested steps of this dimension were considered actionable 
by at least one professional.Creating a diverse evaluation team received 
unanimous support, while setting regular metrics was frequently cited 
as practical. The appearance of all the proposed steps in the responses 
reflects the alignment with industrial needs.

However, some concerns emerged. A few participants warned that 
KPIs might mislead teams if not cautiously defined, potentially increas-
ing complexity and causing conflicting success criteria. These thoughts 
were discussed during the sessions, with defining business success criteria
and developing a multi-metric system with KPIs being viewed by some as 
impractical in real-world settings.

The Communication dimension received high ratings for both DPs’ 
clarity and applicability, with a mean score of 4.67 in each case. 
This suggests that participants found the DPs both well-articulated and 
practical in industrial contexts.
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Most of the proposed actions were widely endorsed, with five out 
of seven steps considered both useful and feasible. The only excep-
tions were creating AI-specific channels and defining implementation and 
evaluation strategies, which did not receive unanimous support. Partic-
ipants emphasized the central role of communication in successful AI 
adoption, both across the organization and within teams.

Only two actions were flagged as potentially ineffective. One prac-
titioner expressed concerns about using two-way information flows, 
particularly in the form of surveys, citing participants fatigue and 
disengagement. Similarly, while strategies are important, one profes-
sional felt that they should keep communication process simple to 
avoid introducing unnecessary complexity. It was noted that success-
ful communication is often intuitive, ‘‘people can feel and know when 
communication is working’’.

Experts rated highly the DPs of the Collaboration dimension for 
their clarity, with a mean score of 4, even though their applicability 
received the lower score of 3.33. This indicates some challenges in 
implementing the proposed steps.

Among the recommended actions, only setting up internal forums and 
Communities of Practice was unanimously viewed as both feasible and 
valuable. Other steps, like bringing together people from different back-
grounds and sharing lessons learned from past projects, were seen as partly 
actionable but received fewer agreements. One participant emphasized 
that effective collaboration requires actually working together, noting 
that without this, communication tends to break down over time.

Some steps were also identified as impractical by few participants. 
Specifically, Establishing clear roles within the team and sharing lessons 
learned were noted as problematic. Practitioners argued that overly 
rigid roles can be counterproductive, and that formalized knowledge-
sharing mechanisms like ‘‘white books’’ or structured sessions often 
fail in practice. Instead, informal approaches, such as Communities 
of Practice, seem to be more beneficial for maintaining and sharing 
knowledge.

Experts assigned high clarity score (4.33) regarding the DPs of the
Governance and Ethics dimension and slightly lower for their appli-
cability (4). Despite these scores, participants raised concerns about 
real-world implementation.

All proposed steps were acknowledged as feasible by at least one 
participant, even though none received unanimous agreement. The 
most frequently cited actions included anonymizing proprietary data
before AI use, comparing AI outputs with real-world examples, and keeping 
humans in the loop. These steps belong to different DPs, suggesting that 
further refinement may be required to ensure their full implementation.

Only one action was deemed impractical, and only by a single 
participant. Still, broader concerns emerged. Some noted the challenge 
of effectively monitoring governance measures, while others warned 
that fear and misconceptions around AI can lead to excessive control 
mechanisms. This could hinder AI integration efforts.

Leadership emerged as the ‘‘richest’’ dimension, containing the 
largest number of DPs and actionable steps. Despite its complexity, 
practitioners rated the DPs highly for their clarity (4.33). However, 
their applicability score received a lower value (3.67), implying a gap 
between theoretical recommendations and practical feasibility.

Only 15 out of the 21 proposed actions were considered applicable 
by at least one participant, and none received unanimous support. 
Notably, most steps were endorsed by a single respondent. Professionals 
acknowledged that Leadership dimension spans various aspects within 
AI adoption process, explaining the anticipated complexity.

Several steps were explicitly identified as impractical. Notably, all 
actions inspired by Kotter’s framework for establishing urgency were 
considered infeasible. Practitioners, also, criticized the step institution-
alizing a reward system, arguing that it could lead to counterproductive 
behaviors. Instead, they emphasized the importance of fostering gen-
uine belief and trust in the value of AI, rather than relying on financial 
incentives.
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The Organizational Culture dimension stood out with the lowest 
ratings across all evaluated aspects. DPs clarity received a mean score 
of 3.67, while their applicability scored just 3, indicating difficulties in 
interpreting and implementing the proposed DPs.

Experts offered limited but valuable feedback. Only two steps, 
namely supporting agile principles from top management and determining 
risk capacity, were identified as actionable. The rest recommendations 
were neither endorsed nor rejected. Instead, participants noted that 
cultural traits are inherently difficult to measure. They emphasized 
that while the recommendations may be theoretically sound, effec-
tive implementation requires adaptation to each organization’s specific 
context and industry.

The Organizational Dynamics dimension pertains to complex fac-
tors, influencing how organizations operate and adapt. Despite its 
conceptual depth, participants rated the clarity of its DPs relatively 
high with the mean score of 4.33. However, the applicability score was 
relatively lower receiving the score of 3.67, highlighting challenges in 
translating theory into practice.

Only a few steps were recognized as actionable, each by a sin-
gle participant, reflecting diverse experiences and limited consensus. 
Two actions received no support. Specifically, defining the necessary 
mass to support change and creating AI-specific communication channels
deemed impractical. Participants stressed the difficulty of securing po-
litical support from key players, acknowledging it as critical in theory but 
highly complex in practice. These insights point to the need for deeper 
investigation in this area to propose more targeted DPs.

Up-skilling constitutes the final dimension of the framework, thus 
one of the most critical ones, according to the survey respondents. 
Practitioners assigned the high DPs’ clarity score of 4.33. However, 
their practical implementation received a lower score of 3.

Most of the proposed actions were viewed as feasible by at least one 
participant, and none were deemed completely impractical. Notably,
cross-generational mentoring and diverse AI training formats, including 
workshops and tailored programs, were emphasized as meaningful. Fur-
thermore, experts stressed that such efforts should involve active col-
laboration rather than relying on passive learning formats, reinforcing 
the need for dynamic and engaging initiatives.

RQ4 take-away: Overall, the early-stage BSE-informed frame-
work appears largely actionable but still needs empirical vali-
dation. The emphasis SE practitioners place on Up-skilling and 
AI Strategy Design reflects an industry preference for procedural 
rather than human-centered principles.

5. Discussion

This section is devoted to discussing the relevance and connection 
of our findings with existing literature. Also, it includes the limitations 
and threats to validity that the current research setting raises.

5.1. Findings’ interpretation

The objective of this study was to propose a BSE-informed frame-
work of actionable DPs, targeting organizational adoption strategies 
and practices, to enable SE organizations for smoother and more effec-
tive early-stage AI integration. In this regard, the structuring process 
relied on identified BSE-related challenges of our former work (Ta-
vantzis and Feldt, 2025). To answer the raised research questions, we 
designed a mixed-methods methodology.

Table  18 summarizes the key findings emerged from our study, 
together with their implications. This structured approach aims to 
guide both SE practitioners and researchers in leveraging the benefits 
of the proposed framework.
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Table 18
Summary of the study’s key findings and their implications for research and practice.
 Finding Implication  
 AI transformation resembles prior change initiatives. SE practitioners can approach AI integration using 

established practices from earlier software change 
initiatives.

 

 Up-skilling is the most important dimension in the 
framework.

Up-skilling initiatives could mitigate the already 
identified confusion when developing ML solutions.

 

 The Governance and Ethics dimension emerged solely from 
the thematic analysis.

Responsible and ethical mechanisms are essential within 
AI-embedded workflows.

 

 The framework aligns with the EU AI Act, emphasizing 
human oversight.

Human presence and monitoring should be part of 
designing AI-embedded workflows.

 

 The framework partly covers each organization’s needs. AI strategists should adapt the framework to each 
domain’s unique context to fully leverage its benefits.

 

 Communication gaps were identified, as almost 15% of 
respondents were unsure whether an AI strategy exists.

SE organizations should invest more in their internal 
communication strategy.

 

 Clusters of dimensions were identified based on their 
perceived importance for smooth AI integration.

These clusters indicate aspects that AI strategists could 
focus on for early-stage integration.

 

 Early feasibility check showed that, while the steps are 
clear, some received limited perceived applicability.

There is a need for more empirical studies and 
collaborations between academia and industry.

 

AI as Software Integration: AI adoption in SE is best treated as 
disciplined software integration rather than a break with prior 
practice.
The synthesis of 43 change management models addressed all 
but three BSE sub-challenges. No single model suffices, yet a 
composite approach is effective; this underpins the proposed 
early-stage, BSE-informed framework as a pragmatic scaffold for 
action. Evidence from the review and the interviews converges 
on viewing AI adoption as structured integration into existing 
socio-technical systems, not as a radical departure. This stance is 
consistent with prior work cautioning against AI hype and encour-
aging adoption only where there is a clear, situated need (Floridi, 
2024; Mattmann and Broderick, 2024). Given their alignment 
with many identified challenges, these models remain broadly 
relevant. However, in light of today’s fast-paced change envi-
ronments, further research is needed to assess how well estab-
lished models translate to contemporary organizational contexts, 
particularly those involving emerging technologies like GenAI.
Documented confusion around developing ML-enabled products 
(Nahar et al., 2023) indicates that capability building should 
precede scale-up. A focus on Up-skilling can reduce coordination 
and cognitive barriers by establishing shared baselines in skills, 
vocabulary, and expectations. Survey responses further indicate 
that there is no one-size-fits-all solution, confirming the view 
that Compatibility—a close fit with current workflows, practices, 
and tools—emerges as a decisive condition for effective integra-
tion (Russo, 2024; Challapally et al., 2025; Dell’Acqua et al., 
2023). The immediate implication is to tailor the framework to 
local constraints and domain knowledge rather than apply generic 
templates, aligned with prior research (Nadler and Tushman, 
1980).
Governance and Oversight: Human-Centric Controls. Early AI 
efforts require explicit governance mechanisms that safeguard 
transparency, accountability, and human decision rights.
Thematic analysis extended the literature-derived framework
with human-centric controls previously underrepresented; the
Governance and Ethics dimension originates entirely from this 
analysis. This addition reflects the argument that AI introduces 
ethical risks—opacity, misplaced trust, context drift—that are not 
fully captured by traditional change models (Eitel-Porter, 2021). 
The design principles in this dimension align with the EU AI 
Act’s requirements for transparency and human oversight (Article 
13) (European Union, 2025). Naturally, the framework situates 
current endeavors at Level 6 in Parasuraman et al.’s automation 
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taxonomy, where systems propose actions and humans retain 
veto authority (Parasuraman et al., 2000). This allocation clarifies 
accountability while keeping assurance activities tractable during 
early adoption.
Industry Evidence: Priorities, Communication, and Feasibil-
ity. SE professionals prioritize procedural aspects over guardrails, 
and in some cases fail to communicate the AI strategy clearly.
The survey indicated a communication gap: Almost 15% of re-
spondents were unsure whether their company had an AI strategy. 
Existing research stresses that both message and medium are 
crucial to achieve alignment (Goodman and Truss, 2004). SE or-
ganizations should therefore use interactive channels and internal 
forums to anchor intent, scope, and boundaries.
$100-method allocations placed Up-skilling and AI Strategy Design
at the top, while human-centric safeguards were comparatively 
underfunded. The framework aims to address this skew by em-
bedding governance and responsible-use mechanisms as first-class 
elements rather than afterthoughts. Scott–Knott ESD grouped the 
dimensions into five clusters; Up-skilling and AI Strategy Design
formed the highest-priority cluster, while Organizational Dynamics
ranked lowest. These clusters offer a preliminary empirical basis 
for sequencing when resources are constrained.
Early feasibility check (two workshop sessions, four participants) 
viewed the steps as clear but uneven in immediate applicability; 
only a subset was unanimously actionable. Although the sample is 
small, this pattern mirrors arguments to ground interventions in 
practitioners’ lived experiences (Ivanov et al., 2017). Follow-up 
studies should identify recurring patterns and anti-patterns and 
test minimally viable interventions in situ.
Overall, the framework shows strong perceived usefulness as a 
guide for early AI integration. Feasibility appears to be high 
overall, as the recommended steps are generally implementable, 
though some DPs—such as securing political sponsorship and es-
tablishing effective communication channels—remain contested; 
however, we consider them as boundary conditions rather than 
inherent weaknesses. In early phases, investments in Strategy 
Design and Up-skilling appear to drive perceived usefulness more 
than investments in Governance and Ethics. To reduce over-
reliance risks without depressing adoption, we recommend skill 
verification and dedicated oversight roles that institute
lightweight checks while preserving delivery pace.

5.2. Threats to validity

This section illustrates the threats to validity of the study, according 
to Wohlin et al. (2012), and the way we mitigated them.
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5.2.1. Construct validity
Several risks to construct validity arose from conducting the re-

search methodology. The systematic mapping of RQ1 relied on the 
interpretive judgment of the first author, which could potentially intro-
duce interpretability bias in the process. To mitigate this, we followed 
a systematic mapping process and discussed ambiguous mappings.

Another risk to construct validity was the reuse of an existing 
qualitative dataset to refine the proposed framework, informing a new 
contribution with relatively old data. For this reason, having the data 
collected at the end of 2024 and from organizations at the beginning of 
their AI integration strategy, we emphasize the early-stage focus of the 
framework. Specifically, the framework particularly addresses early-
stage AI-driven transformation, as the included organizations were at 
the beginning of their AI integration journey. While the dimensions 
themselves may remain relevant across adoption, the specific design 
principles captured here, such as establishing communication channels 
with stakeholders and across the organization, reflect early adoption 
priorities and may give way to different principles in later phases. 
Similarly, actions related to anchoring change, such as sustaining adop-
tion and managing long-term organizational adaptation, are not yet 
represented, constituting a possible direction for future work.

Although the primary analysis was performed by the first author, 
two authors reviewed the final themes and the coding process. In this 
way, we tried to minimize any bias in codes and themes recognition. 
A remaining risk is that the original data collection had a different 
research orientation and was not designed to elicit all aspects of the 
current framework.

Additionally, the design and execution of the quantitative data 
collection via the survey and workshops constitutes a risk to construct 
validity, as biases like question framing may occur. To mitigate this, we 
followed established methodologies, while combining qualitative and 
quantitative methods enhanced findings’ reliability. Moreover, social 
desirability bias posed a challenge to construct validity, as participants 
might have given socially acceptable responses. During the process, we 
emphasized the confidentiality of participants’ responses to encourage 
honesty. To address potential cultural bias of the sample, we included 
participants from varied national and cultural backgrounds.

5.2.2. External validity
External validity is constrained by the characteristics of the sample. 

Specifically, the SE practitioners that participated in this work form 
a relatively small sample, representing organizations from a narrow 
domain in early stages of AI adoption. Mature, large-scale AI-native 
organizations may face different challenges not fully captured in this 
study. Cultural and regulatory differences across regions may also 
affect generalizability, although we attempted to mitigate this through 
geographically diverse sampling.

The rapid evolution of AI technologies poses a time-related exter-
nal validity risk. Accordingly, parts of the framework may become 
outdated as tooling, regulation, and organizational practices evolve. 
To mitigate this, the framework focuses on early stage AI integration 
and emphasizes structural and behavioral change mechanisms rather 
than proposing a holistic and tool-specific recommendation. Still, SE 
practitioners should adapt the framework with caution, considering 
domain-specific challenges, organizational maturity, and evolving AI 
regulations.

5.2.3. Internal validity
Internal validity threats primarily refer to bias in data collection. 

Since few companies have reached a mature stage within their AI in-
corporation strategies, selection bias during the identification of survey 
and workshop participants poses a potential threat to internal validity. 
In order to capture the complexity of AI Transformation and address 
this risk, we included organizations of various domains and participants 
with diverse backgrounds.
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Selection bias may also have affected our survey sample, as respon-
dents could disproportionately represent early adopters or individuals 
with strong interest in AI, potentially overstating the perceived impor-
tance of personal career development factors—such as Up-skilling—and 
not organizational necessities.

Furthermore, AI technologies and their adoption process is a re-
search area with a lot of concern and misconceptions. This state further 
complicates the process of collecting reliable data to deduce major 
and realistic conclusions. By combining qualitative and quantitative 
methods, we aimed to enhance the reliability of the final outcome, 
namely the actionable BSE-informed framework.

Finally, during the mapping process between BSE challenges and 
change management models’ steps we did not follow a formal inter-
rater reliability process. This absence constitutes a limitation, and 
disagreements were instead resolved through consensus discussions.

6. Conclusions

This study employed a mixed-methods approach to investigate 
human-centered AI integration. Building on our earlier work identify-
ing BSE-related challenges in AI adoption (Tavantzis and Feldt, 2025), 
this study proposes a BSE-informed framework to support early-stage 
AI incorporation in SE-heavy contexts. Findings show that while prac-
titioners recognize the importance of human and ethical dimensions, 
they tend to prioritize procedural activities, like strategy design, over 
governance and ethics. This indicates a gap between the recognized 
importance of these human-centered principles and their practical 
adoption in workflows.

Our contributions include (i) a practical framework tailored to 
early-stage AI adoption in SE contexts, (ii) a baseline for developing 
a more complete, end-to-end AI integration model, and (iii) directions 
for future research.

We position this framework as going beyond classic change models 
by embedding human-centered and ethical dimensions rooted in BSE 
theory, which are often underrepresented in traditional approaches. 
Given these findings and framework are grounded in early-stage, SE-
dominant settings, future work should include further evaluation of 
the framework across diverse industries to enhance its generalizability. 
Although experts challenged certain steps, the present work does not 
modify the framework solely based on this limited input (N = 4). 
Instead, we identify this divergence as an area for future research to 
explore how classical change steps translate into AI-driven contexts.

Similarly, applying Action Research may help uncover adoption 
patterns and anti-patterns in practice. Moreover, exploring hierarchical 
groupings and prioritization strategies could improve usability. Finally, 
a longitudinal study would support evolving the framework into a 
scalable, end-to-end solution.
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Fig. A.6. Early-stage BSE-informed framework — RQ2 outcome.
Appendix

Table  A.19 shows the outcome of the mapping process between ex-
isting change management frameworks and the identified BSE-related 
challenges of AI adoption.

Fig.  A.6 demonstrates the proposed early-stage BSE-informed frame-
work, as this emerged from RQ1 and RQ2.

Fig.  A.7 presents the early-stage AI integration paradox, combin-
ing the perceived importance of each dimension (y-axis) and their 
perceived applicability (x-axis).
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Data availability

More information about the data extracted from the literature 
review, the thematic analysis process, and the survey protocol is 
available in our Figshare replication package (https://figshare.com/s/
2b6841d6a36c233a9078).

https://figshare.com/s/2b6841d6a36c233a9078
https://figshare.com/s/2b6841d6a36c233a9078
https://figshare.com/s/2b6841d6a36c233a9078
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Table A.19
Mapping between BSE-related challenges and prior change management models.
 Challenge Sub-challenge Mapping to change management models Referred model(s)  
 Change 
Management 
Strategy

External communication Constant communication to all 
stakeholders during change

S17, S19, S27  

 Engage with all stakeholders S16, S23, S26, S37, S43  
 Internal communication Build the right communication plan S35  
 Communicate the change S01, S03, S05, S09, S13, S17, 

S18, S19, S20, S22, S25, S27, 
S28, S29, S32, S33, S35, S36, 
S38, S40, S41, S43

 

 Ethical Concerns Considerate use of external 
AI with company’s data

No relevant steps or factors –  

 Risk aversion due to 
sensitive data

Encourage experimentation through pilot 
projects

S14, S33  

 
Organizational 
Readiness for AI 
Adoption

Adaptation to global and 
local data legislation

External environment (including 
regulations)

S08, S23  

 Cross-functional 
collaboration

Effective change team should be 
cross-functional

S09, S38  

 Ensuring organizational 
alignment

Create a sense of urgency S05, S17, S19, S20, S22, S23, 
S31, S33, S39

 

 Create a shared need S01, S02, S13, S14, S19, S43  
 Handling differing views 

regarding AI 
transformation

Line up political sponsorship S12, S17, S19, S27  
 Awareness of organizational timing (due 

to pressures)
S41  

 Listen to employees’ concerns S32  
 Inter-generational 

collaboration
No relevant steps or factors –  

 Public sector’s unique 
nature

Tailored solutions to the organization’s 
context

S13, S23, S43  

 

Resistance to Change

Job displacement
Coaching S13, S36  

 Constant communication to all 
stakeholders during change

S17, S19, S27  

 Training S01, S09, S13, S19, S22, S26, 
S29, S30, S32, S33, S34, S41, S43

 

 Lack of deep AI knowledge 
and understanding

Coaching S13, S36  
 Encourage experimentation S14, S33  
 Training S01, S09, S13, S19, S22, S26, 

S29, S30, S32, S33, S34, S41, S43
 

 
Lack of patience to work with AI

Coaching S13, S36  
 Motivation using incentives and rewards S01, S13, S19, S21  
 Training S01, S09, S13, S19, S22, S26, 

S29, S30, S32, S33, S34, S41, S43
 

 
Skills in the Era of AI

Keeping up with AI 
advancements

Continuous learning initiatives S14, S34, S41, S43  

 Lack of skills due to AI No relevant steps or factors –  
 Necessity to adjust skill-set Coaching S13, S36  
 Training S01, S09, S13, S19, S22, S26, 

S29, S30, S32, S33, S34, S41, S43
 

 Strategic Adoption of AI Balance automation with 
human supervision

Continuously evaluate change S05, S07, S13, S15, S19, S25, 
S27, S32, S33

 

 Use measurements, such as KPIs S05, S28, S36  
 Considering AI as a team 

member, instead of tool
Coaching S13, S36  

 Encourage experimentation S14, S33  
 Training S01, S09, S13, S19, S22, S26, 

S29, S30, S32, S33, S34, S41, S43
 

 Contextual use of AI Coaching S13, S36  
 Training S01, S09, S13, S19, S22, S26, 

S29, S30, S32, S33, S34, S41, S43
 

 Establish balance in using 
internal and external AI 
solutions

Use measurements, such as KPIs S05, S28, S36  

 Over-reliance on AI Coaching S13, S36  
 Training S01, S09, S13, S19, S22, S26, 

S29, S30, S32, S33, S34, S41, S43
 

 Purpose-driven AI adoption Create short-term wins S13, S22, S23, S27, S30, S32, S33 
 Internal gap analysis S30, S36, S37  
24 
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Fig. A.7. Early-stage AI integration paradox.
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