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Abstract 
The rapid rise of Generative AI (GenAI) chatbots 

such as ChatGPT and Claude presents organizations 

with a strategic dilemma: adopt powerful external 

solutions or invest in developing secure, internal 

alternatives. This study conceptualizes the "GenAI 

adoption dilemma" and examines it through the lens of 

internal data ecosystems. Based on qualitative case 

study research, including 46 interviews with senior 

professionals in a multinational consultancy firm, we 

identify three strategic pathways: internal, external, 

and hybrid chatbot adoption. We analyze them across 

five criteria: cost, risk, time to market, data ecosystem 

integration, and competitiveness. We develop a 

framework to guide decision-makers in navigating this 

emerging challenge. Our findings primarily contribute 

to GenAI chatbot adoption literature by framing it as 

a systemic organizational decision rather than a 

purely technological, they extend data ecosystem 

theory by empirically linking GenAI chatbots adoption 

to internal infrastructure, governance, stakeholders, 

and data practices, and provide insights for IT 

adoption and outsourcing literature.  

 

Keywords: AI Adoption, Governance, Generative AI, 

Data Ecosystem. 

1. Introduction  

The rise of Generative AI (GenAI) chatbots such 

as ChatGPT, DeepSeek, and Claude has transformed 

organizational operations by automating tasks, 

reshaping workflows, and generating content 

(Budhwar et al., 2023; Feuerriegel et al., 2024; 

Chowdhury et al., 2024). This usability has driven 

rapid, bottom-up adoption across industries. Even C-

suite executives are using it for a wide variety of 

purposes (Candelon et al., 2023).  

This unprecedented potential, however, comes 

with difficulties. GenAI presents a complex landscape, 

and unless the potential payoffs like productivity gains 

are both significant and likely, the risks may outweigh 

the benefits (Jung & Winter, 2025). Yet, evaluating 

GenAI tools remains a challenging task (Jung & 

Winter, 2025). For instance, it fosters “shadow usage” 

too; employees may use external GenAI tools without 

authorization. This raises serious concerns about data 

security, privacy, and strategic misalignment (Kshetri 

et al., 2025; Budhwar et al., 2023; Chowdhury et al., 

2024). To address these risks, many organizations are 

investing in their own GenAI. We define these systems 

as “Internal GenAI chatbots” which are in-house 

systems trained on proprietary data, and are fully 

owned by the focal firm, and not a third-party vendor. 

In contrast, “External GenAI chatbots” are 

commercial tools from providers like OpenAI or 

Perplexity. While internal tools offer more control and 

governance alignment, they often lack the scale, 

training data, and capabilities of external counterparts. 

Organizations thus face a dilemma: whether to adopt 

secure, internally controlled GenAI chatbots with 

limited capabilities and slower updates or rely on 

external tools, risking data leakage and limited control 

(Felin & Holweg, 2024). We refer to this as the 

“GenAI adoption dilemma”. 

Recent scholarships have also framed GenAI 

itself as an ecosystemic phenomenon, emphasizing 

resilience, safety, and sustainability implications 

(Coiera & Fraile-Navarro, 2024; Timpone & Yang, 

2024). This supports our view that adoption decisions 

cannot be reduced to a narrow technical upgrade but 

should be understood as systemic, organization-wide 

choices embedded in broader socio-technical 

ecosystems. Despite its growing relevance, this 

dilemma is underexplored. Both AI adoption literature 

(Bedué & Fritzsche, 2022), and IT outsourcing (ITO) 

literature (Beulen et al., 2022; Murphy, 2024) provide 

insufficient knowledge about this phenomenon. The 

AI adoption stream mainly addresses individual use or 

technical issues, but seldom organizational strategies 

for GenAI chatbot adoption (Feuerriegel et al., 2024), 

particularly on how to evaluate and compare options. 
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Current literature also encourages assessment of 

GenAI tools that support productivity improvements 

(Jung & Winter, 2025). In the ITO literature, except 

for rare studies on AI outsourcing (Beulen et al., 

2022), most of the works are dismissive of the GenAI 

chatbot adoption dilemma. They mostly focus on 

using AI to automate outsourcing rather than 

outsourcing AI itself as a strategic asset (e.g., Sharma 

et al., 2025). Or the literature treats AI as a broad mix 

of technologies, overlooking the criticality of GenAI 

chatbots that are widely adopted across organizations 

for various tasks. 

The current study addresses these limitations by 

examining GenAI adoption pathways and trade-offs 

while taking data ecosystems as a theoretical lens. The 

reason lies within the fact that AI adoption is not 

merely a technical upgrade. Rather, it represents a 

sociotechnical phenomenon that involves almost all 

organizational dimensions (Jung & Winter, 2025). In 

the same vein, data ecosystems are sociotechnical 

entities comprised of infrastructure, data flows, 

governance, and stakeholders (Oliveira et al., 2019; 

Gelhaar et al., 2021). Unlike narrower technical views, 

a data ecosystem perspective can reveal how GenAI 

adoption shapes organizations’ choices and trade-offs. 

Therefore, this study asks: What strategic pathways 

can organizations pursue for adopting GenAI chatbots 

considering their internal data ecosystems, and what 

are the organizational trade-offs associated with 

each? By addressing these questions, our study 

provides contributions to the literature on AI adoption 

(e.g., Bedué & Fritzsche, 2022), ITO (e.g., Beulen et 

al., 2022; Matytsin et al., 2023; Sharma et al., 2025) 

and data ecosystems (e.g., Oliveira et al., 2019; 

Gelhaar et al., 2021). Practically, it supports leaders 

and risk managers in crafting goal-aligned, secure 

GenAI strategies.  

2. Theoretical background 

ITO is neither a new phenomenon nor a nascent 

research topic. The idea has been around since the 50s 

and rose to prominence in 1989 with Eastman Kodak’s 

landmark deal (Murphy, 2024). It refers to the transfer 

of any sort of assets and technologies from an 

organization to a vendor (Yang & Huang, 2000). Over 

time, ITO has become a vital part of organizational 

competitiveness (Murphy, 2024).. With the advent of 

AI, new dimensions were introduced to ITO in both 

practice and research, as AI was seen as a strategic 

technology that many organizations sought (Bedué & 

Fritzsche, 2022). But developing AI capabilities in-

house can be challenging due to talent shortages and 

fast-moving skill requirements. The literature 

indicates that many firms respond to this challenge by 

outsourcing AI projects or capabilities to external 

vendors (Beulen et al., 2022). In other words, AI 

adoption often goes hand-in-hand with outsourcing, 

where organizations partner with leading tech vendors 

(e.g. major IT service providers) to deploy AI systems 

and integrate them into their data ecosystem.  

Despite the growing literature on AI-related ITO, 

two critical limitations prevail. First, the majority of 

the studies on AI outsourcing (e.g., Matytsin et al., 

2023; Sharma et al., 2025; Tyagi et al., 2025) are 

focusing on utilization of AI for outsourcing 

automation (e.g., AI outsourcing models) rather than 

outsourcing AI itself as a vital technology and 

organizational asset. This is a significant limitation, as 

AI is becoming a critical asset for many organizations 

in different industries. Second, this literature mainly 

treats AI as an amalgamation of robotics, machine 

learning, and neural networks, and other technologies 

(Beulen et al., 2022) without a clear focus on unique 

aspects of it. This view overlooks the distinct role of 

multi-purpose GenAI chatbots, now widely used for 

tasks such as coding, data analysis, writing, and 

content creation. 

On the other hand, AI adoption literature has 

grown in the recent years. Especially in terms of how 

firms use AI to optimize operations and decision-

making (Budhwar et al., 2023; Liva et al., 2023). Prior 

literature outlines diverse adoption pathways shaped 

by readiness, infrastructure, leadership, and skills 

(Feuerriegel et al., 2024; Felin & Holweg, 2024). 

However, ITO and AI adoption literature neither 

provide sufficient understanding of the GenAI 

adoption dilemma and the corresponding pathways, 

nor offer a device to assess these pathways. Yet we 

posit that understanding this dilemma is crucial 

because misalignment between proprietary tools and 

the more advanced external solutions employees 

actually use can undermine data governance, increase 

security and privacy risks, and weaken strategic 

coherence (Kshetri et al., 2025). Consequently, 

companies must recognize how GenAI chatbots, 

whether internal or external, interact with sensitive 

organizational data and align with existing processes 

(Grace et al., 2024), making the data ecosystem 

perspective particularly relevant.  

Recent work has expanded the notion of data 

ecosystems in the context of AI adoption. For instance, 

Toorajipour et al. (2024) propose business models for 

AIoT data ecosystems, showing how governance and 

value creation depend on actor interrelations. 

Similarly, Wessel (2025) highlights how Generative 

AI transforms digital platforms by reconfiguring 

actor–data interactions, which strengthens the 

relevance of applying a data ecosystem lens to GenAI 

adoption. To investigate the GenAI adoption dilemma, 
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our study employs the data ecosystem as a theoretical 

lens for three reasons. First, existing literature largely 

views AI adoption as a sociotechnical phenomenon 

(Jung & Winter, 2025; Yu et al., 2022), rather than a 

purely technological modification. Meaning that such 

adoption impacts not only the infrastructure, but also 

the workflows, strategies, tasks, governance 

mechanisms, workforce, and other aspects of an 

organization (Jung & Winter, 2025). This is 

fundamentally aligned with the notion of data 

ecosystems, which are interconnected, dynamic 

sociotechnical entities in which data is generated, 

processed, shared and utilized by a network of actors 

(Oliveira et al., 2019; Gelhaar et al., 2021). Second, 

the internal data ecosystems play a crucial role in 

shaping the conditions, constraints, and opportunities 

for GenAI chatbot adoption, as these systems are 

inherently data-intensive and rely heavily on the 

quality, accessibility, and governance of 

organizational data (Curry, 2024). Third, a clear 

understanding of the four main components of data 

ecosystems are required, as GenAI adoption relies on 

integration and compatibility with these components. 

They include stakeholders, governance (Šestak & 

Copot, 2023), technological infrastructure (Lnenicka 

et al., 2022), and data (Calzati & van Loenen, 2023). 

While other theories such as sociotechnical systems 

also address the technology-human interplay, the data 

ecosystem perspective is especially suited to large, 

complex organizations like our case (see section 3). 

With multiple service lines and varying governance 

models, the data ecosystem lens helps capture 

systemic interactions and distributed coordination, key 

to understanding GenAI adoption at scale. 

3. Methods 

Using an exploratory qualitative approach 

(Creswell & Poth, 2017; Denzin & Lincoln, 2018) we 

investigate the strategic pathways organizations can 

pursue for adopting GenAI chatbots, and the trade-offs 

associated with each approach. The study employs a 

case study design to examine GenAI chatbot adoption 

within a large multinational consultancy firm, selected 

through theoretical sampling (Eisenhardt, 1989). This 

firm has a global presence with more than 390,000 

employees in over 700 offices in 150 countries. It is 

one of the largest professional services networks in the 

world and provides tax, consulting, and IT services 

(e.g., Cloud, Digital Transformation, Cybersecurity, 

and AI) to its clients. The selected firm is a 

representative (Yin, 2014) and information-rich case, 

not because it is “typical” in a narrow sense, but due 

to its scale, diversity, early adoption, and 

organizational structure. This allows the findings to 

extend beyond the case itself and offer analytical 

generalization (Yin, 2013) to a wider population of 

large, global organizations involved in GenAI 

adoption. 

This study draws on in-depth interviews with 

senior partners and managers. The informants were 

chosen for their knowledge and involvement with 

GenAI adoption, their comprehensive understanding 

of the firm’s data ecosystem, and organizational 

strategy (Yin, 2014). Informants included partners and 

senior partners across technology consulting, finance, 

markets, support, QRM, and other key actors in the 

internal data ecosystem. Data collection involved 

organizational documents about GenAI use, data flow, 

governance, core technologies, adoption challenges, 

and strategies. In addition, 46 interviews were 

conducted over six months, each lasting 60-90 

minutes. A purposive sampling approach was used to 

recruit participants actively engaged in AI-related 

initiatives (Patton, 2015), followed by snowball 

sampling to diversify roles and departments (Lincoln 

& Guba, 1985). Interviews were held in person or via 

Teams/Zoom calls. A semi-structured interview guide 

was developed to balance consistency across 

interviews with flexibility to follow emerging themes. 

The protocol considered participants’ roles, 

involvement with GenAI initiatives, experiences with 

early use of GenAI chatbots, organizational trade-offs, 

and challenges in integrating GenAI into existing data 

ecosystems. Probes were used to elicit concrete 

examples, practices, and narratives, while allowing 

participants to reflect on organizational and 

ecosystem-level dynamics. Our methodological 

choice also resonates with recent research that 

conceptualizes information retrieval and data 

infrastructures in the age of Generative AI. For 

example, Garetto et al. (2025) propose the RGB model 

to explain how GenAI reshapes the generation, 

retrieval, and indexing of organizational data, which 

further motivates our focus on the ecosystemic 

dimension of data. Therefore, the data ecosystem lens 

guided both data collection and analysis. During 

interviews, this perspective sensitized us to probe 

issues beyond technical adoption, focusing on actors 

(e.g., internal stakeholders, external vendors), data 

flows and assets, governance mechanisms, and 

infrastructure. 

All interviews were transcribed and analyzed 

using thematic analysis (Braun & Clarke, 2006). The 

data ecosystem also informed coding and analysis, 

where interview data were viewed with regard to the 

ecosystem components. This allowed us to capture the 

relational and systemic dimensions shaping the 

adoption of GenAI chatbots. Initial coding captured 

categories related to GenAI chatbot adoption as well 
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as trade-offs to assess the pathways with regard to the 

internal data ecosystem. Axial and selective coding 

refined these into key themes such as “GenAI-based 

proposal automation” and “risk governance in AI 

usage” (Miles et al., 2014; Corbin & Strauss, 2015), 

aligned with the study’s core research questions. 

NVivo software supported systematic coding and 

cross-comparison. To ensure analytical rigor, we 

applied triangulation across interviews and internal 

documents (Yin, 2014), involved multiple researchers 

in coding and interpretation (Patton, 2015), and used 

peer debriefing and expert feedback (Creswell, 2014) 

to validate insights and reduce retrospective bias (Jick, 

1979). An iterative coding validation process allowed 

continual alignment between emerging evidence and 

theoretical framing. The resulting thematic structure 

grounds the findings presented in subsequent chapters. 

4. Findings  

We employed an iterative approach that 

integrated theoretical exploration with ongoing 

empirical engagement. Early stages of data analysis, 

informed by relevant literature, revealed that our case 

company has been dealing with this dilemma, and had 

already explored ways to address that. Therefore, aside 

from the two common pathways of internal versus 

external GenAI options, the case company had chosen 

a third strategic pathway, one that had not been 

initially anticipated. This emergent option reflects a 

more nuanced response to the GenAI adoption 

dilemma and can potentially allow organizations to 

balance performance and control, through a hybrid 

approach, intended to benefit from the strengths of 

both internal and external GenAI chatbots, without a 

singular commitment to either of these paths. To 

address the first part of the research question, we 

examined how organizations engage with GenAI 

chatbot adoption through the lens of internal data 

ecosystems, identifying three strategic options. We 

then present a detailed, comparative account of the 

three options: (1) Development of the internal GenAI 

chatbots, (2) reliance on external GenAI chatbots, and 

(3) a hybrid approach. Figure 1 presents an overview 

of the themes and patterns from the data analysis. 

 
Figure 1. Overview of the themes and patterns 

from the data analysis. 

To answer the second part of the research 

questions, we identified a set of criteria that allows for 

a trade-off between the three pathways. These criteria 

were identified through inductive and iterative 

analysis of empirical data from the interviews. The 

criteria include Time to Market, Risk, Cost, Internal 

Data Ecosystem Integration, and Competitiveness. 

Together, they serve as a tool to evaluate the options 

and describe how each one operates internally and 

interacts with organizational priorities, resource 

constraints, and strategic imperatives. These criteria 

are also rooted in prior literature on AI and technology 

adoption (e.g., Borges et al., 2021; Feuerriegel et al., 

2024).  

4.1 Data Ecosystem Lens and GenAI 

Understanding the GenAI adoption dilemma 

requires unpacking the organization’s internal data 

ecosystem, comprising actors, infrastructure, data 

assets, and governance mechanisms (Oliveira et al., 

2019; Gelhaar et al., 2021). This lens offers a holistic 

view of how technologies and stakeholders interact 

across departments and subdivisions, particularly 

when it comes to GenAI adoption. Practically, the firm 

is investing heavily in GenAI-ready infrastructure, 

blending Azure cloud with secure on-prem systems. 

“Between continuous model updates, we’re talking 

millions over a multi-year horizon. It’s not a trivial 

line item” (R6). Its internal chatbot runs within a 

secure perimeter and connects to legacy systems. “We 

have our own tool […] that helps keep client data 

secure” (R1). Data is curated and governed rigorously. 

“Our environment isn’t built to match OpenAI’s 

throughput, so we curate data rigorously” noted one 

architect (R25). Clear access policies define how data 

is shared with GenAI chatbots. Stakeholders are multi-

level: senior partners set priorities, mid-level 

architects and QRM officers manage deployment, and 

end-users frequently experiment. “Staff use ChatGPT 

anyway when nobody’s watching. It’s faster, and 

people know how to use it now” (R22). In contrast, 

internal systems enable co-creation: “It’s a 

collaborative feedback loop where engineers fine-tune 

the model, and staff iterate on how best to ask 

questions” (R9). Governance mechanisms are layered, 

combining policy, oversight, and education. “We have 

official guidelines to ensure no one uploads sensitive 

data externally. Better than a blanket ban” (R5). 

Ongoing training reinforces responsible use: “We do 

monthly sessions on prompt engineering, showing staff 

how to refine queries for better results” (R21). 
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4.2 Option 1: Development of the Internal 

GenAI Chatbots  

One of the most transformative strategic choices 

is whether to build an internal GenAI chatbot. In the 

case company, this decision stemmed from a desire for 

technological sovereignty and to reduce governance 

and security risks posed by external tools. Beyond 

technical deployment, it required rethinking 

workflows, data practices, and cross-functional 

coordination. From a data ecosystem perspective, it 

reconfigures infrastructure, data, stakeholders, and 

governance. Employees cited strong concerns around 

data exposure. “We have our own tool, which is on a 

closed environment. That helps keep client data 

secure” (R1), said one equity partner. A QRM officer 

added, “The internal chatbot sits behind our firewall 

and is trained only on sanitized internal documents. 

No risk of data exfiltration, which we can’t guarantee 

with external tools” (R5). The investment is 

substantial. “Between specialized GPU clusters and 

continuous model updates, we’re talking millions over 

a multi-year horizon. It’s not a trivial line item” (R6). 

Internal chatbot development also requires dedicated 

AI engineers, ongoing model tuning, and prompt 

refinement, making it both a tailored asset and a long-

term liability. 

To accelerate development, the firm has partnered 

externally. “We partnered with a smaller AI startup for 

advanced NLP modules – integrating them wasn’t 

easy, but it helped fill our knowledge gap” (R25). 

Mergers and acquisitions were considered: “One 

competitor just bought an AI analytics firm…We’re 

watching that closely” (R12). Still, caution prevails. 

Internally, the chatbot has reshaped work routines. 

“The tool helps us draft faster, but we still have to 

double-check every section. It’s not about replacing 

people – it’s about speeding up iteration” (R4). One 

employee warned, “Unless you invest continuously, 

your internal model will age fast. And once it lags, 

staff will revert to external tools” (R33). 

This high-control, high-cost strategy offers strong 

governance and integration, but demands sustained 

investment to remain competitive. Its success depends 

on the firm’s ability to scale, retain talent, and 

adaptively govern AI performance over time. 

4.3 Option 2: Reliance on External GenAI 

Chatbots  

Rather than investing in proprietary AI, many 

organizations - including the case company - turn to 

external GenAI tools like ChatGPT, Claude, and 

DeepSeek. This approach offers fast, cost-effective 

productivity gains by leveraging third-party 

capabilities. “External chatbots cut our proposal 

drafting time by days” (R4), noted one employee. 

However, this convenience brings trade-offs: agility 

versus control, empowerment versus exposure. These 

tools gained traction even before formal policies 

existed. “We’re able to generate initial drafts very 

quickly, even if we have to verify them later” (R18). 

Employees adopted what worked, regardless of 

internal development timelines. To manage risks, the 

firm introduced governance policies focused on 

preventing data leaks. “The policy states: ‘No client 

names, no unverified data sets… always double-check 

facts.’ We’re not banning usage, but we hold staff 

accountable if they misuse it” (R3). Yet enforcement 

isn’t easy. “We can put up guardrails, but people find 

ways around them. It’s a cultural shift as much as a 

technical one” (R26). 

Recognizing that restriction alone isn’t enough, 

the firm invested in training. “We do monthly sessions 

on prompt engineering, showing staff how to refine 

queries for better results” (R21). However, still, 

challenges remain. External tools operate on opaque 

infrastructures with unclear data handling. “Our 

guidelines help, but external usage still carries higher 

risk of regulatory breaches” (R26). Others noted that 

anonymized data can still leak patterns, threatening IP 

and compliance. Though subscription costs are low, 

quality assurance adds labor. “Subscription fees are 

manageable, though extra hours verifying outputs add 

hidden costs” (R19).  

From a data ecosystem view, this approach 

outsources infrastructure and decentralizes AI use. 

While reducing internal build efforts, it increases 

reliance on individual judgment and informal 

practices, raising variability and governance 

challenges. Ultimately, this is a pragmatic, adaptive 

strategy. The firm accepts that employees will use 

high-performing tools and focuses instead on enabling 

safe usage through trust, training, and accountability. 

It reflects a low-control, high-speed model for GenAI 

adoption, useful, but not without its risks. 

4.4 Option 3: Hybrid approach  

A third option identified in the data departs from 

the binary of internal vs. external chatbot use. This 

hybrid approach strategically combines both: Internal 

GenAI chatbots are used for sensitive, critical tasks, 

while External ones like ChatGPT or Claude support 

faster, generic outputs. As a senior technology partner 

put it, “Our internal chatbot is great for secure data 

and repeatable tasks, but when speed and breadth are 

needed, people still open ChatGPT” (R9). 

This model offers a pragmatic balance, internal 

control with external flexibility. Though not always 
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formalized, it has become embedded through informal 

practices. “We don’t restrict external tools completely, 

staff are expected to know when to use which. There’s 

an understanding that both have their place” (R14). 

The trade-off is governance complexity. “We can 

manage internal usage tightly, but once people are 

allowed to toggle between platforms, it becomes 

harder to trace what goes where” (R5). Risk increases 

when tool choice is left to user discretion, potentially 

causing data leakage or policy violations. Yet, hybrid 

adoption reflects the practical realities of large firms. 

Employees adapt based on task urgency, client needs, 

and tool strengths. “If we’re short on time, we just go 

with the external one… For client-sensitive stuff, we 

stick with the internal bot” (R4). 

From a data ecosystem lens, this model highlights 

decentralization: centralized infrastructure and 

oversight for internal tools coexist with distributed 

experimentation. It promotes innovation but demands 

advanced literacy, agile policies, and close 

monitoring. “We’re investing more in training people 

to know how to use both wisely than in restricting one 

over the other” (R6). Ultimately, hybrid adoption 

reframes the dilemma, not as a choice between tools, 

but as a challenge of orchestrating them in tandem. It 

offers adaptability but requires mature governance, 

contextual judgment, and alignment across the internal 

data ecosystem. 

4.5 GenAI adoption Criteria across the Three 

Options  

Findings show that the pathways to address the 

GenAI adoption dilemma can be assessed using five 

criteria. We utilize these criteria as a comparative lens 

to analyze the trade-offs between the three pathways. 

These criteria serve not only as descriptive anchors but 

as evaluative dimensions through which the strengths, 

weaknesses, and tensions of each option can be 

systematically contrasted. This set of criteria offers a 

decision-oriented complement: they reveal how each 

adoption path performs along practical dimensions 

that matter to organizational actors. 

 

In the first option, firms develop proprietary 

GenAI chatbots embedded within their own 

infrastructure, data governance frameworks, and 

strategic workflows. This leads to lower risk, as it 

ensures integration with existing systems, greater 

control, and regulatory compliance. However, it 

presents major drawbacks in terms of time to market, 

due to the need for custom model development, data 

curation, and prolonged integration phases. The cost 

of building and maintaining these internal solutions is 

substantial, covering infrastructure, talent acquisition, 

and ongoing refinement. Also, the internal data 

ecosystem integration challenge is high: aligning 

GenAI with legacy IT systems, fragmented databases, 

and stakeholder workflows requires sustained cross-

functional coordination. “We have to integrate the bot 

with both compliance and delivery systems; nothing is 

out of the box” said a technology architect (R25). 

Competitiveness in this option is moderate: internal 

tools may meet security and domain-specific needs but 

often lack the fluency and responsiveness of 

commercial alternatives. 

The second option prioritizes speed, accessibility, 

and scale. Commercial tools offer near-instant value 

for employees seeking language generation, data 

synthesis, or creative ideation. Time to market is 

extremely favourable: “We’re able to generate initial 

drafts very quickly, even if we have to verify them 

later” (R18). However, risk is elevated due to limited 

transparency into how data is handled externally and 

potential non-compliance with client or regulatory 

requirements. Cost is lower in terms of infrastructure 

but rises through hidden verification labour and 

oversight demands. As for internal data ecosystem 

integration, this option poses fewer immediate 

challenges, as external tools typically operate 

independently of enterprise systems. Yet this 

detachment introduces fragmentation and governance 

concerns, especially where employees rely on them in 

critical workflows. Competitiveness is high in 

domains where speed and general language 

capabilities are strategic differentiators. 

The hybrid option reflects an increasingly 

common reality in large organizations: the co-

existence of internal and external GenAI chatbots, 

each used in context-sensitive ways. “We have our 

own secure system, but people still turn to ChatGPT 

when they need broader language or fast output” 

noted a senior partner (R9). Time to market is variable: 

tasks aligned with existing infrastructure take longer 

internally, while external tools allow rapid 

experimentation. Risk is medium and more diffuse, it 

requires nuanced oversight of how, when, and by 

whom each tool is used. “Switching between systems 

makes it harder to monitor how data moves” warned a 

QRM officer (R5). Cost is medium to high, as 

organizations must support two infrastructures (or at 

least two sets of practices) and invest in training and 

monitoring. Internal Data Ecosystem Integration is 

highest in this option, not because it is avoided, but 

because hybrid usage demands interoperability, policy 

coordination, and user literacy. As one partner put it, 

“The challenge is not just building a tool, it’s making 

sure people know which to use and how to move 

between them without breaking governance” (R6). If 

done well, competitiveness can be maximized, as this 
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model supports both secure, high-integrity workflows 

and agile, high-speed experimentation. Table 2 

presents a comparative assessment of GenAI adoption 

criteria across the three identified options. 

Table 1. Comparative assessment of GenAI 
chatbot adoption criteria 

Path 

ways 

Internal 

GenAI  

External 

GenAI  

Hybrid 

approach 

TTM 

Slow: 

complex 

development 
and 

integration 

cycles 

Fast: 

immediate 

use of 
commercial 

tools 

Variable: 

internal for 

compliance, 
external for 

speed 

Risk 

Low: tight 

control and 

secure data 
pipelines 

High: limited 

oversight and 

external 
exposure 

Medium: 

distributed and 

contextualized 
governance 

required 

Cost 

High: 

infrastructure, 
HR, and 

technology 

costs  

Low: 

minimal 
infrastructure, 

hidden 

monitoring 
costs 

High: dual 

systems and 
literacy 

investments 

IDEI 

High: strong 

alignment 
with existing 

systems, and 

governance  

Low: 

potential 
mismatch 

with the 

architecture 
and data 

governance  

High: requires 

orchestration 
across tools, 

teams, and data 

governance  

Comp 

Moderate: 

strong in 
standard 

tasks, weaker 

in flexibility 

High: in fast-

paced or 
content-heavy 

domains 

High: high 

flexibility and 
task fit, if well-

coordinated 

IDEI: Internal Data Ecosystem Integration, TTM: Time to 

market, Comp: Competitiveness, HR: Human resources 

5. Discussion 

 5.1 GenAI as a strategic choice 

The emergence of GenAI brings about a 

significant shift in digital innovation within 

organizations. Unlike earlier AI waves, GenAI 

operates as adaptive, generative interfaces. They 

enable not only the acceleration of existing processes 

but the reconfiguration of how knowledge is produced, 

validated, and circulated (Feuerriegel et al., 2024; 

Misra et al., 2022).  

The GenAI adoption dilemma is rooted in the dual 

promise and peril of contemporary chatbot 

technologies. On one hand, GenAI chatbot enables 

rapid content generation, decision support, and co-

creative engagement across domains, often without 

requiring major technical competencies from users 

(Chowdhury et al., 2024; Budhwar et al., 2023). On 

the other hand, it raises pressing concerns about data 

privacy, intellectual property, misinformation, and 

organizational alignment (Smith & Jones, 2023). The 

core strategic challenge is enabling access to GenAI 

chatbots in ways that align with institutional values, 

regulatory demands, and organizational capabilities, 

while protecting sensitive data and ensuring fit with 

the internal data ecosystem. This alignment is 

essential, as the data ecosystem encompasses not only 

infrastructure and technology but also stakeholders 

and governance mechanisms that shape data flow and 

use. Crucially, our analysis shows that the GenAI 

chatbot adoption dilemma is not a binary choice 

between adoption and non-adoption, or internal versus 

external solutions. Instead, it reflects a deeper 

structural tension between competing priorities: 

control and security versus flexibility, and autonomy 

versus oversight.  

5.2 GenAI within the internal data ecosystem 

GenAI adoption must be assessed within the 

firm’s data ecosystem, not as a binary choice. The 

findings indicate that GenAI adoption affects not only 

discrete workflows but also the broader internal data 

ecosystem including stakeholders, infrastructure, 

governance, and data through which information is 

produced and utilized. By adopting the internal data 

ecosystem as a theoretical lens, this study moves 

beyond a tool-centric view of GenAI chatbots and 

highlights how each of the three identified strategic 

options reshapes organizational systems. Developing 

an Internal GenAI chatbot represents a strategy of 

infrastructural autonomy. This pathway requires the 

internal data ecosystem to evolve significantly, with 

investments in high-performance infrastructure and 

secure environments becoming critical. IT, data, and 

compliance teams expand their roles, acting as both 

system architects and governance stewards. Although 

costly and complex, this option affords maximum 

control over data and aligns closely with long-term 

goals around security, compliance, and GenAI 

capability development. 

In contrast, relying entirely on External GenAI 

chatbots shifts the ecosystem toward dependence on 

third-party platforms. This lowers capital investment 

but raises governance challenges around data 

handling, access control, and risk management. 

Employees gain rapid access to advanced tools, often 

bypassing formal IT protocols. This creates a 

bifurcated ecosystem in which formal governance 

coexists with informal “shadow usage,” straining 

oversight. The core trade-off is performance versus 

control: while external solutions offer advanced 

capabilities, they diminish visibility into how data is 

processed and stored, raising concerns around 
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confidentiality and accountability in the absence of 

strong internal policies. 

The hybrid approach emerged as a flexible and 

context-sensitive alternative. It allows organizations to 

segment data-related tasks, using Internal GenAI 

chatbots for sensitive activities and external models 

for more general functions. This model introduces a 

modular infrastructure and governance setup, with 

differentiated access, risk thresholds, and usage 

protocols based on task criticality. It enables 

innovation while mitigating risk, fostering a more 

adaptive data ecosystem. However, it also demands 

significant coordination, sustained investment, and a 

governance framework capable of evolving with 

organizational needs. The trade-off here is primarily 

managerial and architectural: balancing diverse 

systems and stakeholders while ensuring cohesive 

governance. 

These findings affirm that the internal data 

ecosystem is not a static context for GenAI chatbot 

adoption but an active, evolving configuration. 

Infrastructure must adapt, data must be precisely 

curated, roles redefined, and governance must shift 

from static enforcement to dynamic enablement. The 

data ecosystem lens provides a robust explanatory 

framework to understand not only the available 

adoption paths but also the complex trade-offs each 

entails. It underscores that GenAI adoption is not 

merely a technical decision, but a deeply strategic and 

systemic organizational choice. 

5.3 Trade-offs of GenAI adoption dilemma 

Addressing the GenAI adoption dilemma 

involves managing a strategic tension rather than a 

purely technical decision. The key challenge is not 

whether to adopt GenAI chatbots, but how to do so in 

a way that aligns with an organization’s priorities, 

infrastructure, and risk profile, a decision that varies 

across firms. This study identifies three distinct 

strategic options, each representing a different 

configuration of trade-offs shaped by how 

organizations prioritize five key criteria: time to 

market, risk, cost, internal data ecosystem integration, 

and competitiveness. Depending on how these are 

weighed, each option offers distinct benefits and 

drawbacks. The first pathway, developing an Internal 

GenAI chatbot, provides maximum control and strong 

alignment with existing systems. While offering low 

risk due to secure data handling and compliance, it is 

costly and slow to implement, requiring investment in 

infrastructure, talent, and ongoing maintenance. 

Competitiveness is moderate, with strong performance 

in regulated environments but limited flexibility. This 

approach is best suited for large, resource-rich firms in 

sectors such as finance, law, or healthcare, where data 

sensitivity and regulatory compliance are paramount. 

Using External GenAI chatbots, which is the 

second pathway, enables rapid deployment at 

relatively low cost and is ideal for firms prioritizing 

speed and agility. However, it comes with high risk 

due to limited control over external data processing 

and lower compatibility with internal systems. 

Integration with existing governance and 

infrastructure is weak, though competitiveness is high 

in dynamic, content-driven industries. This model fits 

smaller or less-regulated organizations where rapid 

innovation outweighs security concerns. 

The third pathway, which is a hybrid approach, 

combines internal chatbots for sensitive tasks with 

external tools for more general use. This balances 

trade-offs across all five criteria. Time to market is 

moderate, as external tools offer quick wins while 

internal systems develop in parallel. Risk is 

manageable with clear governance and employee 

training. Costs are high due to dual investments, but 

integration with the internal ecosystem is strong. 

Competitiveness is also high, offering flexibility and 

scalability.  

5.4 Contributions to theory 

IT outsourcing has been a major topic, 

particularly in IS research for decades, and has been 

adopted by organizations to save costs, reduce capital 

expenditures, increase operational flexibility, and 

acquire strategic innovations (Hsu et al., 2022). Over 

time, ITO has evolved from simple deals to complex 

models like multi-sourcing, offshore outsourcing, 

shared services, and multi-subcontractor outsourcing 

chains (Pankowska, 2019). This complexity has 

increased with the emergence of AI as a strategic 

technology and the increasing inclination of 

organizations to adopt it (Bedué & Fritzsche, 2022). 

This has led to a growing body of research on GenAI 

outsourcing, where organizations collaborate with 

leading technology vendors to deploy AI systems and 

integrate them into their internal data ecosystems 

(Beulen et al., 2022). However, despite this emerging 

literature on AI-related ITO, two critical limitations 

remain. First, most studies on AI outsourcing (e.g., 

Matytsin et al., 2023; Sharma et al., 2025; Tyagi et al., 

2025) focus on the use of AI to automate outsourced 

tasks, rather than examining the outsourcing of AI 

itself as a critical organizational asset. Second, the 

current body of knowledge tends to treat AI as a broad 

category encompassing technologies like robotics, 

machine learning (ML), and neural networks (Beulen 

et al., 2022), lacking specificity. This generalist view 

overlooks the distinct characteristics and 
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organizational implications of multi-purpose GenAI 

chatbots, which are rapidly gaining traction across 

different functions and levels of the enterprise. 

The ITO literature has been guided by five 

fundamental questions: why to outsource, what to 

outsource, which decision process to use, how to 

implement outsourcing, and what outcomes result 

(Dibbern et al., 2004). Our study mainly addresses the 

why and how questions and positions itself at the 

intersection of ITO, AI adoption, and data ecosystem 

research. It adds new insights to the three bodies of 

literature. Each stream is expanded through both 

empirical insight and theoretical integration. This 

study addresses the gaps in ITO literature by 

uncovering the GenAI adoption dilemma: a tension 

between control and performance that arises when 

firms must choose between internal, external, or 

hybrid chatbot solutions. By conceptualizing these 

pathways as distinct strategic options, evaluated 

against five decision criteria (cost, risk, time to market, 

internal integration, competitiveness), we advance the 

ITO literature beyond traditional cost-efficiency 

frames toward a nuanced understanding of AI sourcing 

as a governance and innovation trade-off. Our 

framework aligns with and extends prior research on 

sourcing strategy (Dibbern et al., 2004; Murphy, 2024) 

by showing how GenAI-specific decisions impact the 

organization, specifically the internal data ecosystem. 

Our work contributes to GenAI adoption literature by 

framing GenAI chatbot adoption not as a binary 

technical choice but as a multifaceted decision 

entangled with stakeholders, infrastructure, 

governance, and data. Also, the typology of internal, 

external, and hybrid adoption pathways offers 

practical and theoretically grounded vocabulary for 

future studies. Finally, this study contributes to the 

literature on data ecosystems (Gelhaar et al., 2021; 

Liva et al., 2023; Toorajipour et al., 2024). We shift 

the focus inward, to the internal data ecosystem of a 

single firm, and demonstrate that GenAI adoption is 

deeply embedded within these components. Each 

strategic option interacts differently with the internal 

ecosystem, requiring different alignments. 

6. Conclusions  

This study addresses a critical but underexplored 

issue: how organizations can strategically navigate 

GenAI adoption, considering their internal data 

ecosystem. Based on a qualitative case study of a 

multinational firm that has explored major adoption 

pathways, we introduce the GenAI chatbot adoption 

dilemma, a latent yet empirically grounded tension 

requiring firms to weigh trade-offs across internal, 

external, and hybrid options. We use the data 

ecosystem lens to examine how infrastructure, 

governance, stakeholders, and data are impacted by 

each pathway. The assessment shows GenAI adoption 

is strategic, not just technological, with major 

implications for practitioners and governance.  
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