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Abstract9

Background: Generative AI (GenAI) makes software engineers faster, yet a growing number of10

them report feeling less like engineers. They describe feeling disconnected from their own code,11

uncertain about their skills, and uneasy about what their profession is becoming. Prior studies12

capture fragments of this experience in isolation, yet no shared concept or framework describes it as13

a whole.14

Aim: Drawing on postphenomenology, Floridi’s re-ontologization of the infosphere, and Feen-15

berg’s critical theory of technology, we introduce AI-induced displacement: the multi-dimensional16

way in which GenAI tools unsettle engineers’ sense of craft, identity, and professional belonging.17

Method: We interviewed 21 software engineers across different roles and organizations, and18

analyzed their accounts through thematic analysis.19

Results: We identify six dimensions of displacement, concerning (i) how engineers justify and20

adopt AI-generated solutions, (ii) disruptions to individual focus and cognitive flow, (iii) shifts21

in professional identity, (iv) changing dynamics of recognition and collaboration within teams,22

(v) tensions with normative and ethical standards, and (vi) the erosion of intrinsic meaning and23

long-term professional sustainability.24

Conclusions: This typology offers researchers a theoretically grounded lens for investigating the25

human side of GenAI adoption in software engineering, and helps practitioners design integration26

strategies that foreground augmentation rather than replacement.27
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1 Introduction42

“I am shipping faster than ever, but I no longer feel like I am really engineering. I43

paste prompts, get code, fix what breaks, and move on. The code works, yet it does not44

feel like mine. It feels like my role is shifting away from demonstrating coding skill45

toward something else that I am still trying to define.”46

Participant P10, Senior Test Engineer47

Such accounts are becoming increasingly common as Generative AI (GenAI) expands the48

frontiers of many domains, including Software Engineering (SE). Nearly every field has begun49

to experiment with GenAI tools [7], and AI-powered services are now widely adopted [37].50

In SE, Large Language Models (LLMs) reshape core activities [1], including the elicitation of51

software requirements [4] and code development [46]. Developers report productivity gains52

in information search, task completion, and problem solving [34], which together suggest a53

profound reconfiguration of SE practice rather than a mere incremental tool upgrade.54

From a philosophy of technology perspective, GenAI does not simply introduce new tools55

into an otherwise stable practice. Postphenomenological accounts emphasize that technologies56

mediate human–world relations: they shape how the world shows up to practitioners, and57

how practitioners perceive, act, and exercise judgment in their work [49, 50]. In Floridi’s58

terms, digital technologies contribute to a broader re-ontologization of the infosphere, altering59

not only what we do but what kinds of agents we are and how our identities are constituted60

in informational environments [19, 20]. For Feenberg, such technologies embody specific61

“technical codes” that privilege certain values (speed and automation, for example), while62

marginalizing others, such as craft, deliberation, and democratic control over technology’s63

social role [14,15].64

Seen through these lenses, GenAI adoption in SE is not a neutral insertion of assistance into65

existing workflows. It is a transformation of how SE work is experienced and what it means66

to be a software engineer. Earlier research highlights different facets of this transformation;67

we frame these facets as interconnected forms of displacement that evolve over time. In68

the present, practitioners experience behavioral and cognitive challenges, as efficiency gains69

coincide with over-reliance, de-skilling, and job insecurity [47]. We observe, in parallel, a70

form of epistemic displacement that emerges when, as Booyse and Scheepers [5] note,71

black-box algorithms limit transparency and explainability, fostering uncertainty, distrust,72

and potential ethical risks. Phenomenological displacement, in turn, takes shape through73

the disruption of individuals’ workflow and cognitive flow [45]. Over time, individuals may74

feel socially pressured to adopt GenAI in light of widely perceived productivity gains [24],75

may experience an erosion of their perceived skills and mastery [9], or may adopt outputs76

that follow poor development practices [11, 21]. We label these forms of displacement social,77

identity, and normative, respectively.78

Taken together, these forms of displacement reveal a deepening misalignment between AI-79

mediated work and established ways of knowing, acting, and judging, which leaves engineers80

feeling increasingly “out of place” within their own practice. Prior research discusses these81

concerns and issues in isolation, yet little is known about how SE practitioners experience and82

interpret this transformation in their day-to-day workflow. We lack, in particular, empirically83

grounded studies of how AI-embedded processes reshape software engineers’ sense of agency,84

expertise, and belonging in their everyday practice, and of how these experiential shifts relate85

to the broader reconfiguration of professional identity and standards in the age of GenAI.86

The objective of this study is to examine empirically the different aspects and dimensions87

of this emerging misfit, and to introduce the notion of AI-induced displacement to88
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describe a set of systematically observed experiences reported by practitioners. In the SE89

context, we define AI-induced displacement as a multi-dimensional experience in which90

GenAI tools, as designed and deployed, make engineers feel out of place in their own work91

by disrupting their sense of craft, epistemic agency, professional identity, work meaning,92

normative standards, and social recognition. To investigate this phenomenon, we adopt a93

qualitative, exploratory methodology. We conducted semi-structured interviews with SE94

practitioners across multiple organizations and application domains, and performed thematic95

analysis on the collected data.96

Given the increasing calls for human-centered AI integration in SE [40], a unifying97

construct that captures how GenAI tools affect individuals, and how these experiences in98

turn shape patterns of adoption and resistance, is both timely and consequential. This study99

contributes (i) an empirically grounded conceptualization of AI-induced displacement, and100

(ii) implications for human-centered GenAI integration, offering a vocabulary and a lens for101

understanding when AI-embedded processes support meaningful SE work and when they102

undermine it.103

The remainder of the paper is organized as follows. Section 2 reviews the literature104

related to AI-induced displacement. Section 3 presents the research methodology. Section 4105

reports the results and answers the research question. Section 5 discusses the findings and106

proposes directions for future work. Section 6 examines threats to validity and Section 7107

concludes our study.108

2 Background and Related Work109

This section presents the philosophical foundations that motivate our construct, and surveys110

prior work on the impact of GenAI in software engineering.111

2.1 Philosophical Foundations of AI-Induced Displacement112

To conceptualize AI-induced displacement, this study builds on three strands in the philosophy113

of technology: postphenomenology, Floridi’s digital re-ontologization of the infosphere, and114

Feenberg’s critical theory of technology.115

Postphenomenological approaches emphasize that technologies are not neutral instruments116

but mediators of human–world relations [49, 50]. Rather than merely extending human117

capabilities, artifacts shape how the world “shows up” to practitioners by configuring what118

is perceptible, actionable, and taken-for-granted in situated practice [49]. In Ihde’s and119

Verbeek’s work, technologies co-shape perception, action, and experience; they participate120

in the constitution of everyday lifeworlds [50]. Applied to SE, GenAI tools do not simply121

assist workflows but mediate problem framing, solution discovery, and the meaningfulness of122

engineering work.123

Floridi’s philosophy of information captures a broader ontological shift associated with124

digital technologies. He argues that contemporary ICTs contribute to a re-ontologization125

of the “infosphere”: they change not only what we do, but also how agency and identity126

are constituted in informational environments [19, 20]. Artificial agents participate in127

distributed systems of action and responsibility, reshaping how epistemic and moral agency128

are allocated [20]. In SE, GenAI redistributes authorship, expertise, and justification across129

human–AI assemblages, challenging the engineer as the primary locus of decisions, code130

authorship, and accountability.131

Feenberg’s critical theory of technology adds a socio-political lens by arguing that132

technological systems embody specific design logics (what Feenberg terms technical codes):133

CVIT 2016
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value-laden choices that privilege certain forms of rationality over others, typically at the134

expense of participation, craft, and reflective judgment [14, 15]. Applied to GenAI in SE,135

current tools tend to crystallize a rationality organized around speed, automation, and output136

volume. When this design logic dominates, engineers become progressively estranged from137

both the product of their work and the professional meaning they derive from it: professional138

judgment erodes as engineers defer to outputs they do not fully understand; moral discomfort139

arises when AI use conflicts with professional standards; and practitioners face cumulative140

pressure from productivity baselines that leave little room for reflective engineering work.141

Feenberg’s framework thus predicts that AI-mediated work does not merely change how142

engineers work; it changes what engineering work means to them. Our empirical study143

directly explores this prediction.144

Taken together, these three pillars support an understanding of AI-induced displacement145

as more than a set of isolated usability or psychological issues. In combination, they motivate146

a unified, experiential construct that captures how GenAI can render software engineers “out147

of place” by reshaping how they perceive, act, justify, and are recognized as professionals.148

2.2 AI in Software Engineering: Five Fragmented Dimensions149

Building on these philosophical perspectives, prior work in SE and related can be seen as150

documenting fragments of a broader experiential shift. Studies typically examine specific151

consequences of AI adoption rather than the overall transformation of practice, often touching152

on displacement through: (i) individuals’ skills and identity, (ii) limited transparency and153

understanding, (iii) workflow disruption, (iv) conflicts with professional standards and norms,154

and (v) social pressures and negative feelings due to peers’ attitudes and impressions.155

2.2.1 Impact on Individuals’ Skills and Identity156

Shukla et al. [44] examine the de-skilling of practitioners that follows AI adoption, and show157

how reliance on AI can shift work from active generation and sense-making toward passive158

validation. Through qualitative analysis, UX practitioners reported that, while AI-assisted159

design can improve efficiency, heavy reliance on it raises concerns about de-skilling and about160

the erosion of human judgment as a core professional resource [44].161

Recent work examines how GenAI adoption affects professional identity when core sources162

of competence are challenged. Eshraghian et al. [12] show that impact varies with expertise,163

with stronger professional identities linked to more positive integration, while skepticism is164

common among less engaged users. Hermann et al. [23] find that while GenAI may boost165

productivity, it can threaten needs for competence, autonomy, and relatedness, potentially166

destabilizing professional identity. De La Cruz et al. [9] warn that over-reliance on AI may167

weaken developers’ sense of mastery. Together, these studies indicate identity displacement,168

where engineers struggle to maintain a coherent sense of themselves as skilled professionals.169

2.2.2 Impact on Transparency and Justification170

A second body of work examines the lack of transparency and justification in AI-generated171

outputs, revealing epistemic tensions between AI recommendations and developers’ established172

reasoning practices. The inherent opacity of many AI tools can lead developers to adopt173

suggestions without access to clear reasoning [43]. This in turn reduces trust in AI-embedded174

tools, since developers cannot predict or explain AI behavior [26]. Fleisher [18] argues that175

poor explanations hinder adoption, and stresses the need for explainable AI (XAI) that offers176

practical insight into AI decisions.177
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Rudin [38] underscores that interpretable models can reduce negative effects of AI decisions178

across domains, including SE. Booyse and Scheepers [5] report mistrust and frustration179

caused by black-box decision-making, while Treude and Kula [48] argue that transparency180

alone may overwhelm developers without proper interfaces. These studies jointly highlight181

epistemic aspects of displacement, where engineers struggle to reconcile AI outputs with182

their own standards of justification and understanding.183

2.2.3 Impact on Individual Flow and Work Rhythms184

A third line of research emphasizes workflow compatibility as a key determinant of AI185

adoption [10, 39], underscoring the importance of maintaining continuity and fluency in186

everyday work practices. Rather than adoption per se, critical decisions concern which tasks187

are suitable for AI support. Dell’Acqua et al. [10], for example, show that while GenAI can188

increase efficiency, it may also mislead skilled professionals and degrade output quality when189

applied to incompatible tasks.190

At the same time, GenAI reshapes personal workflows by shifting users from content191

generation to outputs evaluation, a transition that can interrupt established rhythms of work192

and undermine experienced flow [45]. Shah et al. [42] qualitatively explain that extensive193

manual validation and reduced trust in AI outputs further increase cognitive burden and194

interrupt standard work practices. This indicates that inadequate task-level integration,195

drives workflow disruption, highlighting phenomenological forms of displacement where196

engineers experience breaks in flow and skilled coping [42,45].197

2.2.4 Impact on Professional Standards and Norms198

A fourth strand of work focuses on whether GenAI outputs align with normative expectations199

of “good work” in SE. Early evaluations examined the capability of AI systems to produce200

correct and effective code to meet functional requirements [35]. Recent studies increasingly201

question alignment with security, style, and design standards [21,36,41].202

Fu et al. [21] demonstrate that AI coding assistants can introduce code that conflicts203

with established secure development practices, unless carefully reviewed. Sabra et al. [41]204

and Pan et al. [36] report that compliance with style guides and design patterns depends on205

prompting, as LLMs do not adhere to them by default. These findings point to normative206

displacement, where AI-generated code clashes with engineers’ standards of good engineering,207

safety, and responsibility.208

2.2.5 Impact on Human Relations and Social Recognition209

Finally, research has begun to document social and relational consequences of GenAI adoption.210

Houck et al. [24] report that developers experience AI tools as augmenting their work, boosting211

creativity and self-perceived productivity. At the same time, not using AI may signal lower212

productivity in the eyes of peers, creating social pressure that shapes adoption independently213

of task fit or personal preference.214

On the other hand, Melegati et al. [33] examine negative feelings toward AI, including215

fear of dependency and guilt for not doing tasks oneself. Lou et al. [30] show that AI agents216

are shifting from tools to collaborators, reshaping roles, coordination, and accountability.217

Thus, they call for research on socio-behavioral aspects of teaming. Together, these works218

illuminate social forms of displacement, where recognition, expectations, and accountability219

are reconfigured within teams.220

CVIT 2016
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� Related Work: Summary and Research Gap.

Prior work documents five dimensions of what we term AI-induced displacement: (i)
epistemic (what counts as valid reasons and evidence), (ii) phenomenological (intru-
sions into workflow and flow), (iii) identity-related (threats to competence, mastery,
and professional self-conception), (iv) normative (tensions with ethics and standards of
good work), and (v) social (reconfigurations of recognition, expectations, and relations).
Yet, these dimensions have been treated in isolation, lacking a unified account grounded
in coherent philosophical theories. This study synthesizes them into a single notion
of AI-induced displacement and examines how software engineers experience this
transformation of their work.

3 Research Method221

The objective of this study is to examine empirically how the integration of GenAI into SE222

work shapes professionals’ perceptions of their role, skills, and professional identity, and223

how these perceptions can be understood as forms of AI-induced displacement. Given the224

exploratory and concept-developing orientation of this work [8], we formulated a single225

overarching research question:226

® RQ: How do software engineers experience and interpret the integration of GenAI
tools in their workflow, and how can these experiences be understood as dimensions of
AI-induced displacement?

To answer the research question, we adopted a qualitative methodology based on227

semi-structured interviews, suitable for capturing practitioners’ experiences and meaning-228

making [8]. As shown in Figure 1, the research design comprised three phases. First,229

we reviewed peer-reviewed literature to identify dimensions related to displacement in230

AI-mediated work, which informed our interview protocol. Second, we conducted semi-231

structured interviews with software engineers across multiple organizations and domains.232

Third, we applied thematic analysis with both inductive and deductive elements to the233

interview transcripts, using literature-informed dimensions as a sensitizing framework while234

remaining open to new patterns. This process enabled us to refine the notion of AI-induced235

displacement as an empirically grounded construct.236

3.1 Data Collection237

The study used semi-structured interviews to collect the qualitative data. This choice was238

motivated by the freedom that semi-structured interviews afford the interviewer, allowing239

follow-up questions and the in-depth probing of emerging topics based on the interviewee’s240

input. We designed our protocol following the guidelines of Hove and Ada [25].241

We conducted 21 interviews with participants across the globe. The first session was242

a pilot interview to evaluate the initial protocol and ensure that the questions were clear243

with no ambiguities. However, the final analysis encompassed the insights gathered from all244

the interviews, as even the pilot session was of significant quality, offering valuable insights.245

The interviews were conducted online, with a median duration of 50 minutes. We observed246

theoretical data saturation after the 12th interview, with 4 additional codes emerging until247



Tavantzis et al. 23:7

Figure 1 Research overview.

interview 18. The remaining sessions confirmed the codes and themes we had already248

identified.249

As shown in Table 1, participants were recruited globally, with Europe as the most250

represented region. Also, the participants hold different positions enriching the findings251

based on the unique nature of each role. Even though the majority of the practitioners are252

mid-experienced, we included individuals with high seniority, with 7 participants having253

more than 15 years of working experience.254

Table 2 reports the demographic information of the interviewees’ organizations. Sixteen255

different companies are represented, which constitutes a diverse sample in terms of domain256

and size. The firms operate in areas ranging from automotive to banking services, and span257

from small companies with fewer than 10 employees to large technology firms with more258

than 100,000 employees.259

This research activity was approved by the Ethical Committee of OMITTED FOR260

DOUBLE BLIND REASONS. To ensure ethical compliance, we asked all participants for261

their consent to participate in our study and allow us to record and transcribe the interview262

session, aligned with the prescriptions of our Ethical Committee. We informed them about263

their right to withdraw or skip certain questions, while we provided details on the data264

analysis procedure.265

3.2 Data Analysis266

We performed Thematic Analysis to analyze the qualitative data collected from the interviews.267

We grounded our analysis in the method outlined by Braun and Clarke [6]. This approach268

involves a systematic process of identifying, analyzing, and interpreting patterns across269

the dataset. The analysis began with familiarization through repeated reading of the data,270

followed by the generation of initial codes related to the scope of the study. These codes were271

CVIT 2016
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Table 1 Participants Demographic Information

ID Role Experience Location GenAI Tools1)

P01 DevOps Engineer 1 year Italy A, B, C
P02 Software Developer 4 years Italy A
P03 Data Scientist 3 years Greece A
P04 AI Engineer 1 year Italy A, B, C, D, E
P05 Software Engineer 3 years Italy A, B, C
P06 Software Developer 7 years Sweden F, G
P07 Software Engineer 22 years Denmark A, B, H
P08 Software Engineer 2 years China B, D, H
P09 DevOps Engineer 7 years Sweden F, G
P10 Test Engineer 24 years Sweden F, G
P11 VP of Engineering 15 years Sweden A, C, D
P12 Software Engineer 16 years Denmark A, B, C, L
P13 Data Scientist 3 years Sweden A, D
P14 Software Developer 5 years Denmark A, D, J
P15 Data Scientist 5 years Sweden A, B, I
P16 AI Strategist and Trainer 30 years Denmark B, D, K, P
P17 IT Development Manager 25 years Denmark K
P18 Distinguished Engineer 22 years New Zealand A, D, M, N, O
P19 Technical Team Lead 6 years Netherlands A, D, K
P20 Technical Team Lead 10 years Denmark D, J
P21 Senior UX Researcher 7 years USA B

1) A = ChatGPT; B = Gemini; C = Microsoft Copilot; D = Claude; E = Cline; F = Amazon Q
Developer CLI; G = Kiro; H = Antigravity; I = Amazon Q; J = Cursor; K = GitHub Copilot; L
= Llama; M = NotebookLM; N = Windsurf; O = Wispr Flow; P = OpenClaw.

then examined and clustered to construct candidate themes, which were iteratively reviewed272

and refined. In this regards, we defined and named the themes to clearly articulate their273

scope and focus. The final phase involved reporting the final themes in a clear and cohesive274

way. For the transcripts analysis, we used NVivo software, a tool that enable collaborative275

qualitative data analysis.276

During the analysis, we adopted both an inductive and a deductive approach. Having277

identified theoretical dimensions and areas from existing literature, we tried to maintain this278

consistency during the data analysis, following a top-down approach. However, we did not279

intend to restrict our findings in existing studies. Therefore, we used inductive analysis, a280

bottom-up approach to identify patterns, themes, and dimensions emerge from the data itself.281

The decision to apply both approaches, allowed us to inform the AI-induced displacement282

notion both from theoretical and empirical insights.283

Two authors performed the analysis collaboratively to limit interpretation bias. The284

process was iterative, and regular analytic discussions served to examine and refine code and285

theme development. Differences in interpretation were used to deepen engagement with the286

data and to sharpen theme definitions, rather than to achieve consensus.287
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Table 2 Organizations Demographic Information

Org. ID Part. ID(s) Domain #employees

Org01 P01 Automotive ∼ 30, 000
Org02 P02 IT Consulting 11 − 50
Org03 P03 IT Consulting 11 − 50
Org04 P04 Soft. Development ∼ 100, 000
Org05 P05 IT Consulting ∼ 45, 000
Org06 P06, 09, 10, 13, 15 Telecommunication ∼ 90, 000
Org07 P07, 12 Research 501 − 1, 000
Org08 P08 Soft. Development 2, 001 − 5, 000
Org09 P11 IT Services 11 − 50
Org10 P14 Startup Studio < 10
Org11 P16 AI Consulting < 10
Org12 P17 IT Services 501 − 1, 000
Org13 P18 Banking Services ∼ 5, 000
Org14 P19 Soft. Development 101 − 200
Org15 P20 Soft. Development 51 − 200
Org16 P21 IT Services ∼ 200, 000

4 Findings: AI-Induced Displacement288

The thematic analysis of the interview data yielded six discrete themes. Five align with the289

dimensions identified in the Related Work Summary (Section 2), while Meaning displacement290

emerged inductively from the data. Table 3 presents the identified codes organized by291

displacement dimension, along with their frequency of occurrence in the interview transcripts.292

For reasons of space, we report only codes with frequency equal to or greater than seven,293

with the exception of Epistemic displacement, where we retain all three codes that emerged.294

4.1 Epistemic Displacement295

Epistemic displacement refers to the shift on the ways that software engineers adopt solutions,296

accept and justify them as valid; 3 codes emerged in this theme.297

The most cited code was the shift from internal reasoning to AI-mediated heuristic298

verification. Practitioners today tend to rely on GenAI tools to make sense of solutions,299

rather than constructing the solution themselves or consulting traditional knowledge sources300

such as Stack Overflow. P04, for example, mentioned Ü “...the first thing I would do is to301

ask Gemini to explain that code. And then I would go on my own to read code.” According302

to P05, this pattern is typical when developers face programming languages with which they303

are unfamiliar or in which they lack prior experience.304

Frequently reported code was adopting AI-generated outputs without fully understanding305

(when it comes to low-risk tasks). P09 conveyed Ü “if it is a small feature or something like306

one line of code or two, you know, small fixing, then it doesn’t matter, it just fixes it and307

then I just I leave it.”, while P02 shared that for Ü “simple, UI tasks, it’s more common to308

adopt something, ’blindly,’ since it cannot cause harm” ; P13 added that tight deadlines can309

lead to adopting such solutions.310

Least appeared code was the adoption of GenAI outputs that had non-functional weak-311

nesses. For instance, P04 described a situation where they used GenAI to write a parser,312
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Table 3 AI-induced displacement: Themes and most frequent Codes (Ordered by Frequency)

Dimension Code Frequency (f)

Epistemic Shift from internal reasoning to AI-mediated
heuristic verification

20

Using GenAI outputs without full comprehen-
sion in low-risk tasks

16

Non-Functional shortcomings of AI-generated
adopted code

6

Identity Shift to code reviewing 18
Declined pattern recognition and creativity 16
Declined centrality of code skills 15
Shift to architecture and conceptualization 15
Developing capabilities in GenAI technologies 13
Shift to orchestration 12
Reasoning as a central quality in the GenAI era 11
Increased usefulness of emotional intelligence 10
Openness to change as central quality 10
GenAI reliance hinders learning process 9
Impostor phenomenon due to GenAI reliance 9

Normative Mismatch between team norms and legally use 12
Documentation more central to team standards 10
GenAI ethical misuse 10
Normative conflict between organizational stand-
ards and real use cases

7

Phenomenological Give up GenAI use in the mid-workflow 18
Flow disruption due to trial-and-error approach 17
Time loss due to limited GenAI’s understanding 11
LLMs hallucination during collaboration 10
Cognitive disorientation due to GenAI workflow
incompatibility

9

Disrupt the craft flow 9
Workflow incompatibility of approved GenAI
tools

7

Social Decreased mentoring, knowledge and experience-
sharing

14

Peers skepticism and bias towards heavily AI-
generated work

14

Top-down pressure to adopt GenAI 11
Meaning Increased expectations or assigned workload 15

Job instability 14
Decreased intrinsic motivation 12
Fear of being left behind 11
Perceived pressure to improve 10
Risk of burnout in high-productivity contexts 10
Decreased epistemic confidence 9
Increased stress due to rapid progress 9
Moral discomfort 7
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which created latency issues. So a senior colleague consulted them to revisit the code and313

use a different library.314

4.2 Identity Displacement315

Identity displacement is defined as the change on what it means to be a software engineer,316

which skills they need to possess, and how they perceive themselves in the GenAI era; in this317

theme, 14 distinct codes emerged.318

A considerable share of the codes concentrate on the shift in the engineer’s role within319

the software life cycle, and on the skills that are useful for software engineers. Almost all320

interviewees agreed that the role is shifting from implementation and code development321

toward code reviewing. P12 noted that Ü “I code less than before. I guess that’s a little bit of322

change, because GenAI writes the code and of course I’m reviewing more because of the output323

I need to review.” The shift extends also to architecture and conceptualization of solutions;324

P08 noted the ability to Ü “pivot from tedious debugging tasks to high-level architectural325

design, and focus on more interesting stuff”. Less commonly, interviewees described the need326

to move toward orchestration, owing to agentic AI systems and the potential they offer (P20:327

Ü “...maybe I don’t feel like I can do more work, but I can delegate more work. I can run328

three agents at the same time”).329

A second cluster of codes concerns the impact of GenAI on engineers’ skills and on the330

skill requirements of the role. The majority of interviewees agreed that reliance on GenAI331

has resulted in declining pattern recognition and creativity. P19 explained that Ü “then you332

simply say ’what the AI is doing makes sense and I agree with that, so let’s go with that’.333

But because you already have one possible direction fully thought out, it lowers the reason to334

be creative about potential other paths.” Coding skills, similarly, were perceived as less central335

to the definition of a software engineer than they had been before GenAI integration. P09336

captured this decline in importance by remarking that Ü “I would say that coding is and337

will decline. I would say that at least more than 60% are not doing hard coding now like338

before.”339

Practitioners also emphasized the skills and qualities that they believe have become more340

central. More than 65% of the participants defined a good software engineer as one who341

possesses the required capabilities in GenAI technologies. These skills encompass both hard342

and soft skills, including context engineering and an awareness of tools’ capabilities and343

limitations, as P16 and P01 shared, respectively. Finally, almost half of the professionals344

emphasized the centrality of emotional intelligence in the GenAI era (P03: Ü “It became345

really important how you will talk with your managers, colleagues, and customers. This is346

what differentiates us from an AI tool now”).347

Some participants reflected on the shift in their perceptions of their own skills and348

professional identity. According to their narratives, many appear to experience heightened349

impostor feelings as a result of the increased reliance on, and capabilities of, these tools (P02:350

Ü “As a developer, I did my own work, my diplomas and certificates, but maybe sometimes351

you feel like I am not just good enough.”). In specific cases, practitioners such as P01 even352

felt inferior to GenAI Ü “due to the speed of completing tasks”.353

4.3 Normative Displacement354

Normative displacement concerns the tensions that GenAI brings to individuals’ ethics and355

the standards of work within the team and the organizations; 9 codes emerged.356
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A recurrent code concerned the mismatch between use cases that organizations allow357

and what is acceptable by team norms. P13 described cases in which people write emails358

with GenAI as a typical example of a non-acceptable use case within teams, since such use359

affects writing style and tone and makes communication feel impersonal. A similar tension360

was observed between organizational policies and real-world use cases. P16, in particular,361

stressed that Ü “Certainly, the tension exists. That’s my main competency as a consultant,362

to help them move away from this, you know, signed operating procedure that you revise once363

per year versus having to update it like every week or every second week, or it might get364

updated automatically based on new versions and models to meet the state-of-the-art”.365

A frequently cited code was related to the ethical misuse of GenAI tools. We noted366

three main reasons that contribute to this misuse. P01 attributed their misuse on the367

incompatibility of the internal GenAI tools with their tasks. On the other hand, P10368

explained that the lack of clarity on what is allowed and forbidden can lead to GenAI abuse.369

Increased demands and expectations, together with tight deadlines, constituted the third370

reason that motivated ethical abuse of GenAI tools, as communicated by P03.371

Lastly, professionals shared how GenAI affects the conventional work practices in different372

angles. Documentation became more central in team standards due to the capabilities of373

GenAI tools in explaining accurately code snippets and creating high quality reports. P08374

noted that Ü “it is considered as a standard practice for every piece of code to be fully375

documented”. 4 interviewees conveyed their concerns about the existing hiring and evaluation376

processes. Since GenAI tools are widely adopted, even from university studies, firms need to377

identify which skills are essential and adjust their hiring processes to evaluate candidates378

based on these skills.379

4.4 Phenomenological Displacement380

Phenomenological displacement captures the interruptions to individuals’ cognitive flow and381

work routines introduced by GenAI ; we recognized 9 codes in this thematic area.382

Interviewees discussed several aspects associated with the intrusions they experience as383

GenAI is incorporated into their work. One of the most frequent codes was flow disruption384

arising from a trial-and-error approach, with P06 explaining that, in Ü “vibe coding sessions,385

you usually have to give it multiple answers before it actually gets on the right track”. A386

code that appeared frequently alongside this one concerned the time loss caused by the387

limited understanding that GenAI tools display (P11: Ü “I try as a next step to add more388

functionality and then I notice that it deleted some of the old one. When I ask it to re-add389

the deleted functionality, it didn’t understand and added something completely different.”).390

A further source of workflow interruption is LLM hallucination. P13 described a case in391

which the team had to work with a library that is uncommon in public repositories. The392

result was code that did not work and that caused confusion and time loss. P19, among393

others, observed that waiting time imposed by agentic AI work itself produces disruption:394

Ü “also the distraction part is that you are no longer putting 100% of your attention to the395

actual work that you are doing, and you’re trying to offload it pretty much like you would396

have a junior developer sitting next to you... And this going well for and they give you the397

right answers back. But what do you do in the meantime?”398

Workflow incompatibility appeared as a factor that can divert professionals’ attention399

from their actual work. P01, in this regard, observed that Ü “the provided license of Copilot400

is very bad. For something reliable I cannot use it.” This workflow incompatibility, as P02401

explained, induces cognitive disorientation. P02 noted in particular that Ü “It really breaks402

the chain of thoughts you have. Maybe you have the idea in mind, and you’re working on it.403
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At the same time, you copy-paste the code to the LLM and that doesn’t respond, and then404

you feel like you lose the concentration.”405

A common result is giving up GenAI use in the middle of the workflow and start manually406

working from scratch. P21 shared their experience that sometimes when using GenAI to407

generate a report, you ”pay” a higher cost since the interaction is not useful and you end up408

doing it manually. P09 communicated a more emotionally negative experience by saying Ü409

“...but it is sometimes that it just doesn’t understand what I say. Then I get angry and OK, I410

say I need to do it myself!”.411

4.5 Social Displacement412

Social displacement is defined as the reconfigurations caused by GenAI of recognition, expect-413

ations, and relations between colleagues; we identified 11 codes for this theme.414

The interviewees broached various forms of social displacement introduced by GenAI.415

Regarding the impact on the professional relations, the majority of practitioners agreed416

that GenAI incorporation reduced the mentoring between junior and senior people, and the417

knowledge-sharing overall. P07 justified this fact with the increasing capabilities of these418

tools (Ü “I think there were much more questions and such interactions back in the day.419

Now it’s like they can just find out themselves.”). Few professionals highlighted a negative420

effect in specific activities, such as pair-programming, meetings and code reviews. The former,421

particularly, was the most frequent of the 3, as P01, P04, and P12 stressed is a thing of the422

past.423

Reconfigurations were observed within the perceptions of individuals too. The most424

frequent code in this type of social displacement refers to the peer skepticism and bias towards425

work that was produced heavily relying on GenAI. Particularly, 14 interviewees agreed that426

people are not willing to trust GenAI, hence they would be stricter in the reviewing of a work427

that was produced largely with the help of GenAI. Fewer, but still present, were the cases428

that individuals perceived others as less competent or professional due to heavy reliance on429

GenAI. For instance, P15 conveyed that Ü “it’s very annoying when they are generating430

large language outputs and which don’t make any real value. That is just unprofessional”.431

Interestingly, participants raised two kinds of GenAI adoption pressure within their432

narratives. 11 practitioners talked about pressure from the high-level management to433

integrate GenAI into their daily workflow. P08 provided a case where Ü “employees’434

integration is regulated by monthly KPIs with specific token consumption targets, and the435

department even maintains an employee usage leaderboard to rank our activity levels!”. This436

indicates the monitoring and pressure that individuals feel to adopt technologies that might437

not be applicable in certain situations. The other type of pressure relates to the one occurred438

by peers. So, P10 elaborated on how individuals can feel the pressure from their peers, since439

Ü “you see that other colleagues are actually going a step further in the usage of AI and440

then you realize that maybe you are missing something and need to catch up”.441

4.6 Meaning Displacement442

Meaning displacement refers to the changes in an engineer’s experiential relationship with443

the work: the sense of personal contribution the work affords, the intrinsic motivation it444

sustains, the moral comfort with which it can be performed, and the conditions under445

which professional practice remains personally sustainable over time. Feenberg’s concept446

of alienation, understood as the estrangement of workers from the meaning and product447

of their labor, is the precise theoretical antecedent of this dimension; we adopt the term448
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meaning displacement rather than alienation to foreground the experiential content reported449

by practitioners and to maintain terminological distance from the professional register already450

occupied by identity displacement. Seventeen codes emerged in this theme.451

The most recurrent codes concerned escalating expectations and the fear of professional452

obsolescence. Practitioners reported that GenAI does not simply reduce workload; it raises453

the productivity baseline against which they are evaluated. P10 noted plainly that Ü “if454

management expects to produce 30% more with AI, then the expectations on you are to455

produce 30% more”. P07 warned that this trajectory carries structural consequences: Ü “as456

time goes, people are going to expect much more from you to be done at the same time frame.457

That’s where it can become stressful and potentially create more problems, like burn-outs”.458

Fear of professional obsolescence pervaded the accounts, with P07 describing adoption as459

existentially compulsory: Ü “people start more and more adopting and this is inevitable460

right? So, we have to do this. Otherwise, we are just going to be replaced by somebody else461

who does”. P10 extended this into temporal pressure, describing Ü “this permanent feeling462

that I need to catch up every day, and this is the first time ever that we have this”.463

The erosion of intrinsic meaning and professional self-worth emerged with comparable464

frequency. Practitioners reported that delegating core tasks to GenAI hollows out the sense465

of personal contribution. P11 pointed to the motivational consequences of removing coding466

from the workflow, while P02 captured the affective dimension: Ü “saying that you solve467

the task, relying only on the AI makes you feel a bit less worth than what you actually are”.468

Several accounts accompanied this with nostalgia for pre-GenAI craft work and a distorted469

perception of one’s own output, with P10 questioning Ü “maybe I didn’t do that much,470

because the AI was doing most of the hard work”. Job instability reinforced this sense of471

diminished standing, with P03 describing engineers as “expendable” and P05 noting that Ü472

“enterprises are carrying jobs and replacing them with generative AI”.473

Practitioners also introduced a moral dimension to meaning displacement. Many reported474

discomfort and guilt when using GenAI in ways that conflicted with their professional values.475

P15 felt “shamed” for heavy AI reliance, while P01 and P02 independently used the word476

“dirty” to describe similar experiences. In several cases this escalated into explicit regret: P15477

reflected Ü “maybe I shouldn’t have done it”, and P04 disclosed Ü “sometimes you have to478

ship fast or maybe sometimes you are just too tired. But it is not correct. It is something479

that I should have never done”.480

5 Discussion481

This section discusses the significance of our findings for academia and practice, along with482

directions for future studies.483

5.1 Findings Interpretation and Theoretical Implications484

Our findings contribute theoretically to the AI adoption literature by offering interpretations485

that confirm and extend existing research.486

5.1.1 A Unified View of the Impact of Generative AI on Developers487

Displacement488

The primary contribution of our study is to provide a unified view of the concept of AI-induced489

displacement, which has previously been treated in the literature in fragmented and loosely490

connected ways (e.g., [21,38,44]), and to articulate it through a set of distinct dimensions.491
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As with any theoretical contribution, this conceptualization offers a shared vocabulary and a492

coherent definition that can guide a more concrete research agenda going forward, and that493

helps to reduce fragmentation in the emerging body of knowledge on human-centered GenAI494

adoption in SE.495

In addition, the articulation of AI-induced displacement into multiple dimensions enables496

future research directions, some of which we are already pursuing, aimed at developing497

measurement instruments for the phenomenon. Such instruments would allow researchers to498

(1) investigate individual dimensions of displacement through quantitative approaches and499

(2) assess these issues in practice, thereby supporting the design of informed interventions500

and integration strategies.501

5.1.2 Compatibility as a Central Actor502

Prior studies have underscored the importance of GenAI tools compatibility in adopting these503

tools [29,39]. Our findings showed that compatibility is also a main driver of displacement,504

as it appears in different forms. For example, many interviewees agreed that incompatibility505

of approved tools resulted in cognitive confusion and concentration loss, as a form of506

phenomenological displacement. Similarly, this misfit of provided tools leads professionals507

in ethical misuse of GenAI, using external solutions that are not allowed, triggering moral508

discomfort.509

5.1.3 The path forward: a necessary shift or a misaligned trajectory?510

The significant majority of the interviewees acknowledged the potential of GenAI tools511

and the resulting shift of their role toward higher levels of the development workflow. In512

particular, the transition toward code reviewing emerged as the most frequent form of513

identity displacement. Other commonly reported shifts towards architectural design and514

conceptualization, reported by 15 participants, as well as the orchestration of agentic systems515

(f = 12). These insights align with emerging discussions in the research community [22, 27],516

which suggest that future competencies in SE may increasingly revolve around higher-level517

tasks, such as architectural thinking and orchestration and mentoring of AI agents.518

However, these results raise an important question regarding the direction that the519

industry should pursue. While it may appear straightforward for researchers to argue520

that a transition toward higher-level tasks is both necessary and inevitable, prior research521

consistently shows that, especially among junior developers, writing code, experimenting522

with new technologies, and designing algorithmic solutions (in short, “get one’s hands dirty”)523

are the activities perceived as most engaging and enjoyable [32]. These activities are often524

preferred over higher-level tasks such as code review or managerial coordination [2, 17].525

This observation becomes even more distinct when viewed through a historical lens.526

Disruptive tools in software development have typically produced their greatest benefits not527

by automating all tasks or the technically low-level ones, as personal biases might suggest, but528

by automating tasks that developers perceive as tedious. In doing so, these tools improved529

not merely productivity but efficiency, enabling developers to focus on tasks they considered530

meaningful and stimulating. This shift often resulted in higher enjoyment and morale among531

practitioners [28].532

This tension may also connect to what our findings suggest as a productivity paradox of533

GenAI adoption. While participants widely acknowledged productivity gains, the significant534

majority reported an increase in assigned tasks and overall workload (f = 15), with several535

participants (f = 10) explicitly warning about the risk of increased burnout due to rising536
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expectations and demands. These concerns resonate with the findings of Feng et al. [16],537

who show that GenAI adoption can simultaneously increase job demands and organizational538

pressure, thereby elevating burnout risk. Mazeika et al. [13] further document the growing539

demands from senior engineers to oversee and correct AI-generated outputs. This AI540

remediation burden, over time, may erode engineers’ professional efficacy [31]. This suggests541

that burnout might be slow and cumulative, rarely visible on productivity dashboards, until542

it surfaces as attrition.543

Closely related, a relatively frequent aspect of the Meaning displacement dimension544

concerned the decline of intrinsic motivation among practitioners (f = 12). Participants545

associated this decline with the increasing capabilities of GenAI tools and with the tasks546

they take over, in particular coding activities. This insight aligns with the key findings of Wu547

et al. [51], who show that immediate productivity gains may come at the cost of long-term548

psychological and motivational outcomes for practitioners.549

Taken together, these findings raise a broader question: whether the ongoing shift toward550

higher levels of abstraction is truly necessary or desirable. The question becomes particularly551

relevant once we consider that, at the current state of the technology, GenAI tools applied to552

lower-level activities such as code generation still frequently introduce vulnerabilities, bugs,553

and other technical issues [21,36,41] that can lead to long-term problems such as technical554

debt [3]. Paradoxically, the industry narrative often encourages engineers to step away from555

the activities in which they find the most engagement, while relying on AI for tasks in which556

the risks remain comparatively higher.557

5.2 Implications for Practice558

From a practical standpoint, we offer the following suggestions for practitioners:559

¬ Practitioners should monitor developer displacement. The proposed notion of560

AI-induced displacement can serve as a diagnostic instrument for managers, allowing561

them to assess how employees experience GenAI integration beyond productivity metrics.562

In addition, managers should take the different dimensions into account in order to make563

informed and specialized decisions.564

¬ Companies should carefully consider the shift in the tasks. Our findings discuss565

the skills that practitioners consider central in the GenAI era. In this respect, the results566

indicate that SE curricula may need to shift toward skills such as critical AI oversight and567

architecture-level thinking. This shift, however, clashes with the preferences of younger568

developers; rather than immediately modifying activities, we suggest first discussing the569

actual preferences within teams. Increased productivity in the short term can mean a570

drastic reduction in efficiency in the long term.571

¬ Compatibility of AI tools is crucial and should always be a priority. AI-induced572

displacement is largely influenced by the compatibility of the approved tools. Rather573

than adopting the best tool on paper, we recommend dialogue and greater customization574

of tools to make developers feel comfortable and more effective in their work.575

5.3 Future Research Directions576

Beyond its theoretical and practical contributions, our study provides a foundation for future577

research:578

[ Researchers should use and further validate the proposed notion. Starting from579

our dimensions, researchers can (1) better contextualize their work, (2) expand in terms580
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of dimensions, and (3) conduct more structured work. Scholars might build on top of our581

notion.582

[ Conducting longitudinal investigations of AI-induced displacement. Since the583

progress of GenAI technologies is rapid, we acknowledge that displacement is unlikely to584

be static. Future studies could examine how AI-induced displacement evolves over time,585

and whether initial disruption leads to adaptation, resistance, identity reconstruction, or586

skill transformation.587

[ Linking displacement to concrete outcomes. The present work provides a theoret-588

ical foundation for approaching and comprehending displacement in SE caused by AI.589

Future research could quantitatively examine the downstream consequences of AI-induced590

displacement on individual well-being, motivation, performance, and career trajectories.591

6 Threats to validity592

This section outlines the threats to the study’s validity and how we mitigated them.593

Construct validity. The conceptual framing of the proposed notion of AI-induced594

displacement poses a potential threat to construct validity, since the term is not yet established595

in the literature and may appear in forms we overlooked. We conducted broad database596

searches to capture multiple angles of displacement. In addition, the wording of the interview597

questions could itself introduce bias into the responses. We followed established protocols,598

reviewed the questions as a team, and conducted a pilot session to minimize this risk.599

External validity. The main threat concerns the transferability of our findings beyond600

the sample. Acknowledging that risk, we increased the interview sample despite reaching601

substantial theoretical saturation at twelve interviews, and we sought diversity in roles,602

experience, and geographic location to limit role-, experience-, or culture-specific biases.603

Internal validity. Researchers’ interpretations could affect thematic analysis outcomes,604

since coding may be influenced by prior experiences and beliefs. For this reason, two authors605

collaboratively conducted the coding process of the data. Although we did not compute606

inter-coder reliability metrics such as Cohen’s Kappa, thorough analytic meetings followed the607

analysis to resolve differences in interpretation. Finally, the interviewees may have introduced608

social-desirability bias in their responses. To counter this, we assured participants of their609

confidentiality and thereby encouraged honest accounts of their thoughts and experiences.610

7 Conclusions611

This work offers a first step toward defining a construct that captures the experience of612

displacement among SE professionals as GenAI enters their daily work. We identify a set613

of dimensions that characterize this phenomenon and describe, for each dimension, the614

experiences reported by practitioners. These insights help clarify how software engineers615

undergo such forms of displacement, when and to what extent they emerge, and which616

consequences and underlying causes are associated with them.617

Building on this foundation, we plan to extend our work through a large-scale quantitative618

evaluation of the presence and prevalence of these dimensions in practitioners’ professional619

lives. Future work should conduct a mixed-methods study to develop a validated questionnaire620

instrument capable of measuring all the dimensions we identified. This step will enable the621

concrete measurement of AI-induced displacement, complete the conceptual-to-operational622

transition of the construct, and open the way to large-scale investigations in both industry623

and research settings.624
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Data Availability625

The detailed protocol and structure of the interviews can be found here: https://figshare.626

com/s/136d3407f3cbb0f9a9ff. Additionally, detailed examples of the data analysis are627

provided, moving from quotes to codes, and from codes to themes/dimensions of displacement.628
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