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ABSTRACT
Artificial intelligence (AI) is increasingly recognised as a transforma-
tive technology, yet its adoption among social enterprises remains 
underexplored. Given their dual socio-economic missions, this paper 
examines how and why social enterprises adopt AI, identifying key 
opportunities and challenges. Drawing on survey data from 92 UK 
social enterprises comprising current adopters, prospective adopt-
ers, and non-adopters, the study provides comparative insights into 
sectoral patterns, organisational size, AI applications, costs, and per-
ceived barriers. Findings show that social enterprises adopt AI cau-
tiously and incrementally, prioritising low-cost tools such as content 
generation and process automation to enhance internal efficiency 
and communication. Current adopters emphasise efficiency gains, 
while prospective adopters focus on external engagement and 
improved user experience. Across both groups, limited technical 
expertise and ethical concerns emerge as primary constraints, 
though AI is largely viewed as a complementary rather than replace-
ment technology. These findings align with Rogers diffusion of 
innovations theory, highlighting how experiential learning reduces 
uncertainty, and with debates on disruptive innovation, showing 
that AI currently functions as a sustaining rather than disruptive 
force. The study contributes to understanding innovation diffusion, 
organisational hybridity, and responsible AI in the social enterprise 
context, offering implications for research, policy, and practice.

Introduction

In 2023, over 55% of global organisations reported integrating some form of artificial 
intelligence (AI) into their operations, a figure projected to rise to 80% by 2030 
(McKinsey 2023; PwC 2024). From the conversational agents mediating millions of 
customer interactions daily to machine-learning systems guiding high-stakes decisions 
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in healthcare, finance, and logistics, AI has moved rapidly from a frontier technology 
to a pervasive force shaping organisational strategy and practice. Across sectors, AI 
is being mobilised to support tasks ranging from predictive analytics and customer 
engagement to process automation and strategic decision-making (Brynjolfsson and 
McAfee 2017; Bughin et  al. 2018). Yet the nature and pace of AI adoption remain 
strikingly uneven. While large corporations and public agencies have become early 
adopters, often investing heavily in data infrastructure and algorithmic capacity, smaller 
organisations, including those with socially driven missions such as non-profits and 
social enterprises, tend to approach AI with caution. Their engagement is frequently 
constrained by financial limitations, technical capability gaps, and heightened ethical 
or value-based considerations (Cheong 2024; OECD 2021; Papagiannidis, Mikalef, and 
Conboy 2025; Radanliev 2025). Within this uneven landscape, social enterprises occupy 
a particularly distinctive and under-examined position.

Social enterprises are hybrid organisations that combine entrepreneurial approaches 
with social purposes, seeking to address social and environmental challenges through 
market-based mechanisms (Defourny and Nyssens 2010; Steiner, Calò, and Shucksmith 
2023). Their embeddedness in communities and responsiveness to local needs often 
position them as social innovators, developing new ways of delivering services where 
market or state provision falls short (Caló et  al. 2019; Henderson et  al. 2020; Kelly 
et al. 2019). This hybrid socio-economic organisational characteristic of social enterprise 
could create both opportunities and challenges in AI adoption. On the one hand, 
social enterprises often act as social innovators, experimenting with novel models of 
service delivery and co-production with communities (Steiner and Teasdale 2019; 
Vanderhoven et  al. 2020). Conversely, the interplay of limited resources and strong 
normative commitments to social inclusivity and environmental accountability (Di 
Domenico, Haugh, and Tracey 2010; Rendall et  al. 2025) may restrict these organisa-
tions’ ability to engage proactively with ‘disruptive technologies’ (Christensen, Raynor, 
and McDonald 2015), a label that AI itself is progressively acquiring as its transfor-
mative potential unfolds across sectors.

There is a growing body of scholarship examining the digital transformation of social 
enterprises and wider third sector organisations, highlighting both the opportunities 
offered by new technologies and the barriers that constrain their uptake (Farmer et  al. 
2025). To date, much of this research has conceptualised digitalisation in broad terms 
(see, for example, Battisti 2019; Steiner and Farmer 2024), with relatively little empirical 
engagement focusing specifically on AI. Where AI has been addressed, the discussion 
has tended to be predominantly normative, centred on questions of ethics, fairness, 
and risks of exclusion (Cheong 2024; Kaneti 2025; Papagiannidis, Mikalef, and Conboy 
2025; Radanliev 2025), or situated within general debates about AI for social good, 
rather than its concrete application within social enterprises (Teubner and Ivey 2025). 
Given the relative novelty of AI technologies, robust empirical evidence on their adop-
tion by social enterprises remains limited. As a result, we know little about how and 
why social enterprises are engaging with AI, the challenges they encounter, and the 
forms of organisational and policy support they most require. The factors distinguishing 
current AI adopters from prospective adopters are similarly under-examined, and the-
oretical development in this emerging field remains at an early stage, leaving significant 
scope for conceptual and empirical advancement.
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Importantly, as AI becomes a daily reality affecting individuals, organisations and 
societies, it arguably represents not only an evolutionary step but also a revolutionary 
shift in how businesses and communities operate. Within this context, there is a 
pressing need to examine the motivations behind social enterprises’ engagement with 
and adoption of AI, the barriers and tensions they encounter in adopting AI, and 
how adoption trajectories differ between those currently using AI and prospective 
users. Accordingly, this study aims to understand how and why social enterprises 
adopt AI. Specifically, it investigates (i) how social enterprises adopt AI and for what 
purposes; (ii) what distinguishes current AI adopters from prospective adopters in 
terms of motivations, applications, and costs; (iii) what opportunities and challenges 
arise from the adoption of AI in social enterprises; and (iv) what forms of support 
are most needed to enable AI adoption.

The paper draws on an empirical data collected from 92 U.K. social enterprises, 
comprising 55 current adopters of AI, 15 prospective adopters, and 22 organisations 
with no plans for AI adoption. By comparing these groups, the study provides an 
early picture of both the practical realities of AI integration within social enterprises 
and the expectations of those considering adoption. The findings offer insights into 
sectoral distribution, organisational size, AI applications, financial investment, chal-
lenges, tensions, and perceptions of AI’s role within social enterprise.

Building on these findings, the paper contributes to current debated in the field. First, 
by providing empirical evidence on AI adoption, it extends scholarship on digitalisation 
and AI, and diffusion of innovations among social enterprises. Second, given the explicit 
hybrid logics of socio-economic missions of social enterprises, the paper informs discus-
sions on the responsible use of AI, including social enterprises’ approaches to AI adoption, 
and the ethical and political dimensions of integrating AI into social organisations.

The paper begins with an outline of relevant literature on social enterprise AI 
adoption. This is followed by methodology and findings sections. The discussion 
section situates the findings in relation to theoretical and practical debates, and the 
paper concludes by highlighting implications for policy, practice and future research.

Artificial intelligence and social enterprise

Technology adoption in hybrid organisations

AI refers to a broad set of computational techniques that enable machines to perform 
tasks traditionally associated with human intelligence, such as learning, reasoning, 
and decision-making (Teubner and Ivey 2025). In organisational contexts, AI applica-
tions encompass predictive analytics, process automation, natural language processing, 
chatbots, and content generation. Increasingly, AI is positioned as central to innovation 
processes, valued for its potential to reduce costs, improve efficiency, and generate 
insights from large and complex datasets (Holmström and Carroll 2025).

The concept of disruptive technologies offers an important theoretical lens for 
understanding AI’s transformative potential. The term ‘disruptive technologies’ refers 
to innovations that significantly alter or replace existing technologies, products, or 
services by creating new markets or reshaping existing ones. Such innovations often 
emerge in niche or lower-end markets before evolving to displace established market 
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leaders (Christensen 1997). Introduced in The Innovator’s Dilemma, Christensen’s frame-
work of disruptive innovation explains why well-managed organisations, focused on 
sustaining improvements, may fail to recognise or respond to technologies that initially 
appear inferior but ultimately redefine the competitive landscape (Christensen, Raynor, 
and McDonald 2015). This perspective is particularly relevant for analysing organisa-
tional responses to rapidly advancing technologies such as AI, which has been iden-
tified as one of the most impactful disruptive technologies across sectors including 
business, health, and education (Bajwa et al. 2021). Ali et al. (2024) further demonstrate 
that AI adoption can catalyse creativity and experimentation, fostering traits typically 
associated with disruptive change.

Complementing this view, the diffusion of innovations theory (Rogers 2003) provides 
a framework for understanding how technologies spread through stages of awareness, 
persuasion, decision, implementation, and confirmation. Within organisational studies, 
diffusion theory has been used to explain how early adopters act as proof points, 
reducing uncertainty and encouraging wider uptake (Füller et  al. 2022). In the context 
of AI, such processes help to demonstrate its potential benefits, thereby normalising 
adoption across sectors. Importantly, the trajectory of disruptive innovation depends 
on two interrelated factors. First, innovation ecosystems and regulatory strategies shape 
whether AI evolves as a genuinely disruptive force transforming markets, or as a sus-
taining technology reinforcing incumbent advantages (Fenwick, Vermeulen, and Corrales 
2018). Second, generative AI, as a distinctive form of disruptive technology, demands 
socio-technical analysis to understand its experimental and normative dimensions (Storey 
et al. 2024) – a consideration particularly salient for social enterprises that must balance 
mission, values, and technological experimentation.

Like other organisational forms, social enterprises are exploring digital tools to 
expand their reach, improve efficiency, and co-produce services with beneficiaries. 
Digitalisation can facilitate data-driven decision-making, strengthen stakeholder 
engagement, and enhance transparency. For instance, online platforms enable social 
enterprises to connect with geographically dispersed user groups, while data analytics 
can inform more tailored service delivery and impact evaluation (Abad-Itoiz, 
Solórzano-García, and Hernández-Marí 2025; Steiner and Farmer 2024). Drawing on 
evidence from commercial contexts (Chen, Esperança, and Wang 2022), AI could 
further enhance these capabilities, delivering efficiency gains that release resources 
for mission-related activities while supporting more inclusive and responsive service 
design. Such affordances are particularly salient for hybrid organisations, which must 
balance social and economic objectives (Battilana and Lee 2014). In this sense, AI 
adoption offers a potential pathway through which social enterprises can simultane-
ously pursue financial sustainability and deepen social impact.

Resource constraints and innovation

Despite its potential, AI adoption within social enterprises is often constrained by 
limited resources and organisational capacity. Social enterprises typically operate under 
conditions of financial scarcity, restricted access to capital markets, and dependence 
on grants or earned income (Ko and Liu 2025; Mazzei and Steiner 2021). These struc-
tural conditions make it difficult to invest in digital infrastructure or long-term 
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technological experimentation. Unlike commercial firms, social enterprises rarely have 
access to venture capital or innovation-oriented funding, and investment in AI often 
competes with more immediate social priorities.

Moreover, skills shortages and the absence of in-house technical expertise pose sig-
nificant barriers to AI implementation (OECD 2021). Many social enterprises lack the digital 
maturity required to integrate complex technologies, leading to reliance on external 
consultants or technology partners, which can increase operational costs and reduce 
strategic autonomy. Consequently, the return on investment for AI is often uncertain, 
particularly for small and medium-sized organisations with limited absorptive capacity. As 
Rockall, Tavares, and Pizzinelli (2025) note, these disparities risk reinforcing existing inequal-
ities across the third sector, as only well-resourced organisations may be able to benefit 
from advanced digital technologies. Thus, the uneven distribution of technical and financial 
capital could widen the ‘AI divide’ within the social economy, mirroring patterns already 
observed in the commercial and public sectors (Brynjolfsson and McAfee 2017).

Ethical considerations in mission-driven organisations

Beyond financial and technical barriers, ethical and cultural considerations play a critical 
role in shaping the trajectory of AI adoption among social enterprises. Organisational 
cultures rooted in participatory governance and values-based decision-making can 
generate ambivalence towards technologies perceived as impersonal or efficiency-driven 
(Daly, Wiewiora, and Hearn 2025). Staff and leadership may resist automation if it appears 
to conflict with relational or community-oriented approaches central to their mission. 
A growing body of literature on responsible AI emphasises the importance of developing 
and deploying systems that respect human rights, minimise harm, and promote fairness 
(Papagiannidis, Mikalef, and Conboy 2025). Related debates around AI ethics and gov-
ernance further highlight transparency, accountability, and explainability as prerequisites 
for legitimate AI use (Cheong 2024; Radanliev 2025).

For mission-driven organisations, these concerns are amplified by commitments to 
social inclusion, equity, and democratic participation. Social enterprises may thus 
confront ethical dilemmas when AI promises operational efficiency but risks under-
mining values through algorithmic bias, data privacy concerns, or job displacement 
(Daly, Wiewiora, and Hearn 2025). Yet, this sensitivity to ethical implications also 
presents an opportunity: by embedding normative reflection and stakeholder dialogue 
at the core of AI experimentation, social enterprises could become pioneers of respon-
sible AI adoption. They are uniquely positioned to model alternative innovation path-
ways that reconcile technological advancement with social purpose, offering practical 
lessons for responsible innovation across sectors.

Methodology

To capture insights into the extent, purposes, challenges, and perceived benefits of 
AI adoption among social enterprises, this study employed a quantitative survey. 
Surveys are a widely used tool in organisational research to generate data on prac-
tices, attitudes, and experiences across a diverse set of respondents (Bryman 2016). 
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Given the relative novelty of AI adoption among social enterprises, the survey design 
was informed by prior literature on digital transformation in the third sector (e.g. 
Steiner and Farmer 2024) and adapted to capture the specificities of AI applications 
among social enterprises.

The survey instrument was developed in consultation with social enterprises and 
intermediary support organisations to ensure both clarity and sectoral relevance. It 
included items on the sector and size of responding organisations, current or planned 
AI applications, purposes of adoption (e.g. efficiency, cost reduction, customer expe-
rience), financial investments and associated costs, challenges encountered, perceptions 
of AI’s role in service delivery, and preferred support and training needs. Most items 
were categorical or multiple-choice, with options to select multiple responses to 
reflect the diversity of AI use cases and challenges.

The survey was disseminated online over a three-month period via social enterprise 
networks, newsletters, and mailing lists. This approach maximised reach across the 
sector while minimising barriers to participation. Participation was voluntary and 
anonymous, and no personally identifiable data were collected. A total of 103 responses 
were received. Following data cleaning to remove incomplete or inconsistent cases, 
92 valid responses were retained for analysis. Respondents were categorised into 
three groups: (i) current adopters (n = 55), referring to organisations that had already 
integrated AI tools or applications; (ii) prospective adopters (n = 15), referring to 
organisations actively considering or preparing for AI adoption; and (iii) non-adopters 
(n = 22), referring to organisations with no current or future AI adoption intentions. 
For the purposes of this paper, the analysis focuses on current and prospective 
adopters (n = 70), as these groups provide the most direct insights into the realities 
and expectations surrounding AI use in social enterprise, whereas non-adopters cannot 
meaningfully comment on AI application or intentions.

Descriptive statistics were employed to identify distributions, frequencies, and 
percentages across categories. Comparative analysis was then undertaken between 
adopters and prospective adopters to highlight convergences and divergences in 
sectoral representation, adoption purposes, costs, challenges and perceptions. While 
this approach does not claim causal inference, it offers a structured account of emerg-
ing patterns that can inform both theory development and future empirical research.

Findings

Sectoral distribution and organisational size

Both adopters and prospective AI adopters were drawn from a broad range of sectors. 
Among adopters, the largest proportions were in healthcare and well-being (21.8%), 
education and training (20%), and business support (16.4%). Similarly, prospective 
adopters were clustered in healthcare (33.3%) and education (26.7%), with smaller 
numbers represented across other sectors. Notably, business support organisations 
were disproportionately represented among adopters (16.4%) but absent among 
prospective adopters, suggesting that organisations embedded in advisory or support 
roles may feel stronger pressure or have greater incentives to experiment with AI. 
Conversely, employment and skills development organisations were more prominent 
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among prospective adopters (20%) than adopters (10.9%), indicating potential future 
growth in this area (Table 1).

In terms of size, the majority of both adopters (54.5%) and prospective adopters 
(60%) were micro-enterprises (1–9 employees). Smaller proportions were classified as 
small (10–49 employees) with 29.1% adopters and 33.3% prospective adopters, while 
medium and large organisations represented only a minority (Table 2). These findings 
challenge assumptions that AI adoption is restricted to large, resource-rich entities; 
instead, small-scale social enterprises are demonstrating interest and capacity to 
experiment with AI.

AI applications

Adopters reported a diverse range of AI applications, reflecting both operational and 
customer-facing functions. AI-generated content (78.2%) was the most common, used 
for marketing materials, social media content, and promotional activities. Process 
automation (52.7%) was also widely adopted, including workflow streamlining and 
document processing. Chatbots (18.2%), AI-powered decision support (20%), and 
machine learning models for data analysis (14.5%) were less frequent but still notable. 
Prospective adopters, in contrast, expressed strongest interest in AI-generated content 
(40%), chatbots (26.7%), and process automation (20%) (Table 3). The differences 
suggest that adopters are further along the adoption curve, experimenting with more 
sophisticated or operationally embedded tools, while prospective adopters are focused 
on entry-level, visible, and externally oriented applications.

Purposes of AI adoption

Among AI adopters, the primary motivation for using AI was to improve operational 
efficiency (80%), followed by costs reduction (47.3%), support for decision-making 
(32.7%), and supporting service users accessibility and inclusion (29.1%). In contrast, 
prospective adopters presented a different emphasis: while 60% also prioritised 

Table 1.  Sectoral distribution of social enterprise adopters and future adopters.
  Sector Adopters (%) Future adopters (%)

Education and training 20.0 26.67
Healthcare and well-being 21.8 33.33
Environmental sustainability 7.3 6.67
Employment and skills development 10.9 20.00
Financial inclusion 1.8 0.00
Business support 16.4 0.00
Service 12.7 6.67
Others 9.1 6.67

Table 2. O rganisational size.
Size of social enterprise Adopters (%) Future adopters (%)

Micro (1–9 employees) 54.5 60.00
Small (10–49 employees) 29.1 33.33
Medium (50–249 employees) 9.1 0.00
Large (250+ employees) 7.3 6.67
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efficiency, a much higher proportion focused on enhancing customer experience 
(46.7%), compared to just 27.3% of adopters (Table 4). This suggests that, prior to 
adoption, organisations may focus more on anticipated service improvement for their 
users, whereas actual adopters tend to shift their priorities towards internal efficiency.

Financial investment and costs

Financial commitment to AI was generally modest. Among adopters, 80% reported 
spending less than £1,000 on AI implementation, with only a small minority (7.2%) 
investing more than £10,000. Prospective adopters showed a similar pattern, with 
66.7% spending less than £1,000 to date. Additional costs varied: licencing fees were 
the most common, reported by 60% of adopters but only 26.7% of prospective 
adopters. Employee training and upskilling was reported by 25.5% of adopters and 
20% of prospective adopters. While only a small proportion of adopters (3.6%) had 
engaged with hiring external consultants, a higher share of prospective adopters 
(20%) anticipated doing so, reflecting a perception of skills barriers prior to adoption. 
These findings suggest that AI adoption among social enterprises tends to be cautious, 
low-cost, and incremental, rather than being driven by large-scale strategic investments.

Challenges and organisational tensions

Both groups identified a lack of technical expertise as the most significant challenge: 
45.5% of adopters and 60% of prospective adopters. Concerns around data privacy and 
security were also prominent (45.5% and 33.3%, respectively). However, prospective 
adopters were much more likely to highlight unclear return on investment (46.7%), 
compared with only 9.1% of adopters. This suggests that uncertainty over return on 
investment is a critical barrier prior to adoption, while adopters may shift focus towards 

Table 3. A pplication of AI among social enterprises.
AI applications in organisational activities (all that apply) Adopters (%) Future adopters (%)

Chatbots (e.g. customer support, virtual assistants) 18.2 26.67
Predictive analytics (e.g. demand forecasting, risk analysis) 10.9 6.67
Process automation (e.g. workflow automation, document 

processing)
52.7 20.00

AI-powered decision support (e.g. strategic planning, 
resource allocation)

20.0 6.67

AI-generated content (e.g. marketing materials, social 
media content)

78.2 40.00

Machine learning models for data analysis 14.5 6.67
Other 16.4 13.33

Table 4. P urpose of AI use.
Purposes of AI use (all that apply) Adopters (%) Future adopters (%)

Improving operational efficiency 80.0 60.00
Reducing costs 47.3 26.67
Enhancing customer experience 27.3 46.67
Supporting decision-making 32.7 20.00
Increasing accessibility and inclusion 29.1 26.67
Other 16.4 0.00
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practical issues such as effective integration in organisational practices and ethical 
considerations. Tensions within social enterprises also reflected this divide: adopters 
emphasised ethical concerns (34.5%) and disparities in AI skills between teams (25.5%). 
Prospective adopters emphasised ethical concerns (46.7%), alongside resistance to 
change and difficulty integrating AI with existing systems (33.3%). Nonetheless, 45–47% 
of both groups reported no noticeable tensions, suggesting that while challenges exist, 
they may not substantially disrupt day-to-day operations (Table 5).

Perceptions of AI’s role

When asked about the anticipated impact of AI on service delivery, 72.7% of adopters 
believed AI would complement and enhance services. Only 12.7% expected partial 
replacement, and a minority anticipated full replacement of existing services (3.6%). 
Among prospective adopters, 53.3% expected AI to complement services, but 26.7% 
anticipated partial replacement, indicating greater uncertainty about AI’s role in reshap-
ing service delivery (Table 6). These findings suggest that, in the social enterprise 
context, the perception is that AI represents an enhancive rather than disruptive 
technology, with prospective adopters remaining more cautious about its transfor-
mative potential.

Support needs and training priorities

Both groups identified needs for training and capacity-building (69.1% of adopters; 
60% of prospective adopters), financial support (61.8% vs. 60%), and access to AI 
tools and infrastructure (72.7% vs. 73.3%). However, distinctions emerged in training 
priorities. Adopters highlighted technical skills (74.5%) and data management (69.1%), 
while prospective adopters prioritised AI strategy and implementation (73.3%) and 

Table 5. C hallenges and tensions of adopting AI.
Adopters (%) Future adopters (%)

Main challenges in using or integrating AI (all that apply)
 H igh implementation costs 18.2 26.67
 L ack of technical expertise 45.5 60.00
  Data privacy and security concerns 45.5 33.33
 R esistance to change among employees 25.5 33.33
  Difficulty in integrating AI with existing systems 23.6 33.33
 U nclear return on investment (ROI) 9.1 46.67
 O thers 29.1 6.67
Tensions within social enterprises created by AI (all that apply)
 C oncerns over job displacement among employees 9.1 0.00
 R esistance from leadership or management 9.1 6.67
  Disparities in AI skills between different teams or 

departments
25.5 26.67

  Ethical concerns regarding AI decision-making 34.5 46.67
 N o noticeable tensions 45.5 46.67
 O ther 9.1 0.00
Perceived significance of challenges in adopting AI
 N ot a challenge 12.7 0.00
  Minor challenge 38.2 46.67
  Moderate challenge 38.2 46.67
  Major challenge 10.9 6.67
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basic AI literacy (60%) (Table 7). This distinction points to a staged adoption pathway, 
where prospective adopters need strategic guidance and confidence-building, while 
adopters require advanced technical and operational capacities to deepen integration.

Discussion

The analysis of AI adoption among social enterprises reveals a complex but coherent 
narrative. Social enterprises are cautiously but actively engaging with AI, adopting 
applications that are low-cost, accessible, and primarily focused on efficiency and 
communication. Differences between current adopters and prospective adopters illus-
trate a clear AI adoption trajectory from initial interest in service users-facing tools 
to more embedded use in operational efficiency and content production. Table 8 
summarises and categorises the study’s findings into two dimensions: the reasons for 
and against adopting AI (why/why not), and the mechanisms through which adoption 
is pursued or supported (how/how to). This table is followed by a detailed discussion 
that interprets these results in the context of social enterprise operations.

Our study reveals that social enterprises are approaching AI adoption in 
cost-conscious and incremental ways. Most adopters have invested less than £1,000 
in AI, focusing on applications such as content generation and process automation. 
These uses reflect a pragmatic orientation towards improving efficiency and reducing 
costs, consistent with social enterprises’ need to balance mission-driven goals with 
financial sustainability. Prospective adopters, meanwhile, prioritise service users expe-
rience and external engagement, illustrating the expectations that precede adoption. 
Once adoption occurs, however, organisations move their focus towards more concrete 
benefits such as efficiency and internal operations.

Table 6. F uture role of AI.
Adopters (%) Future adopters (%)

Perception that AI’s future potential 3.6 0.00
 AI  will fully replace some or all our services 3.6 0.00
 AI  will partially replace certain aspects of our services 12.7 26.67
 AI  will complement and enhance our existing services 

without replacing them
72.7 53.33

 AI  will have no impact on our service delivery 9.1 6.67
 N ot sure 1.8 13.33

Table 7. C hallenges and tensions of adopting AI.
Adopters (%) Future adopters (%)

Support needed in adopting AI (all that apply)
 F inancial support (e.g. grants, subsidies, tax incentives) 61.8 60.00
 T raining and capacity-building programmes 69.1 60.00
 A ccess to AI tools and infrastructure 72.7 73.33
 P olicy guidance and ethical AI frameworks 61.8 40.00
 P ublic–private partnerships for AI development 27.3 33.33
 O ther 1.8 6.67
Most beneficial training areas for social enterprises (all that apply)
  Basic AI literacy and awareness 49.1 60.00
 AI  strategy and implementation 67.3 73.33
 T echnical skills (e.g. machine learning, automation) 74.5 46.67
  Data management and security 69.1 53.33
 O ther 3.6 6.67
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The analysis also highlighted several barriers to adoption. Lack of technical expertise 
was the most frequently cited challenge across both groups, indicating the persistence 
of skills gap among social enterprises. Additionally, prospective adopters identified 
unclear return on investment as a major concern, highlighting the uncertainty that 
acts as a barrier to initial adoption. Ethical concerns relating to AI decision-making 
were also noted, particularly among prospective adopters. These findings confirm that 
social enterprise engagement with AI is shaped not only by resource constraints but 
also by their heightened sensitivity to values connected to their social mission such 
as inclusion, accountability, and equity. These concerns resonate with broader debates 
in the literature on responsible AI, which emphasise the need for transparency and 
accountability (Cheong 2024; Floridi et  al. 2018; Jobin, Ienca, and Vayena 2019; 
Papagiannidis, Mikalef, and Conboy 2025).

Importantly, the study shows that social enterprises predominantly view AI as a 
complementary technology. The majority of adopters (72.7%) and prospective adopters 
(53.3%) believed that AI would enhance rather than replace services. This perception 
positions AI not as a disruptive threat to social enterprise missions but as an enabling 
tool – albeit one that requires careful management in aligning with organisa-
tional values.

Our findings contribute to discussions on diffusion of innovations, the hybrid 
logics that shape social enterprises’ approaches to AI adoption, and the ethical and 
political dimensions of integrating AI into social organisations. First our findings 
contribute to Rogers (2003) diffusion of innovations theory that provides a useful 

Table 8. AI  adoption by social enterprises: Adopters vs. prospective adopters.
Dimension Adopters Prospective adopters

Why Social enterprises 
adopt AI

Primary motivation Improve efficiency and 
reduce costs; streamline 
internal operations.

Enhance service users 
experience and external 
engagement.

Main applications Content generation, 
back-office automation, 
decision support.

Service user-facing tools such 
as chatbots, content 
generation.

Orientation Pragmatic focus – 
balancing mission and 
market logic.

Aspirational focus – 
expectations shaped by 
risk and uncertainty, 
prioritising social mission.

Perceived role of AI Complementary 
technology.

Complementary technology 
but framed cautiously.

Ethical sensitivities Concerned about data 
privacy, management 
and security.

Concerned about ethics of AI 
decision-making and data 
management security.

How social enterprises 
adopt AI

Adoption pathway Data management and 
security.

Remain focused on visible, 
external engagement tools.

Overall trajectory Experience reduces 
uncertainty; focus shifts 
to integration/
responsibility.

Caution persists until 
adoption reduces 
uncertainty.

Investment level Low-cost and incremental 
investment enhancing 
services.

Hesitant to invest due to 
unclear return on 
investment.

Key barriers Technical skills gap, data 
privacy, ethical 
concerns.

Skills gap, unclear ROI, ethical 
concerns, job displacement 
risk.

Training needs Technical skills, data 
management.

AI strategy and literacy.
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lens to understand the observed divide between adopters and prospective AI adopt-
ers. Prospective adopters in this study demonstrate many of the characteristics of 
what Rogers (2003, 283) described as the ‘early majority’; in our case, social enterprise 
prospective adopters are interested in adoption but remain AI-cautious, constrained 
by perceptions of risk and uncertainty. Their emphasis on unclear return on invest-
ment suggests that adoption decisions consider potential costs and benefits projec-
tions shaped by uncertainty, rather than by actual experience. By contrast, adopters 
develop their expectations based on lived experience. As such, having integrated AI 
into operations, adopters report more pragmatic challenges including technical skills 
gaps, data privacy concerns, and ethical considerations of data management and 
security, and are less preoccupied with return on investment. This supports the 
notion that experience reduces uncertainty (Greenhalgh et  al. 2004), i.e. once organ-
isations have trialled AI, the question shifts from ‘Is AI worth it?’ to ‘How can we 
integrate it effectively and responsibly?’

The findings also highlight the role of entry points into adoption. Prospective 
adopters gravitate towards visible, service users-facing tools (chatbots, content gen-
eration), while adopters diversify into operational and back-office functions (automa-
tion, decision support). This progression mirrors observations in the wider literature 
on digital transformation, where organisations often begin with externally oriented 
innovations before embedding digital tools more deeply into their processes 
(Brynjolfsson and McAfee 2017; Bughin et  al. 2018). For social enterprises, this staged 
trajectory may be especially important given resource constraints and the need to 
build confidence gradually.

Second, the adoption of AI should consider the hybridity of social enterprises that 
combine both social logic oriented towards inclusivity, equity, and mission-driven 
outcomes, as well we a market logic oriented towards efficiency, competitiveness, 
and sustainability (Docherty et al., 2024; Doherty, Haugh, and Lyon 2014; Ko and Liu 
2025). Here, we note that the dominance of micro-enterprises among adopters sug-
gests that mission-driven logics do not preclude technological experimentation, even 
when resources are limited. Rather than scale or capital, what seems to matter is the 
perceived alignment between AI applications and organisational missions. For example, 
AI-generated content can allow social enterprises to extend outreach and visibility at 
low cost, directly supporting their mission to engage communities. Moreover, hybridity 
helps explain the ethical sensitivities reported by both adopters and prospective 
adopters. Unlike commercial firms, social enterprises are accountable not only to 
customers but also to communities and stakeholders concerned with equity and 
inclusion. This likely amplifies ethical concerns, such as fairness in AI decision-making 
or the risk of job displacement. At the same time, entrepreneurial orientation of social 
enterprises encourages experimentation, producing tension between innovation and 
risk avoidance. Finally, the contrast between adopters and prospective adopters high-
lights hybridity in practice. Prospective adopters, with their emphasis on service users 
experience, may be privileging their social logic, focusing on how AI can enhance 
relationships with beneficiaries. Adopters, by contrast, appear to balance this  
with their market logic, using AI to improve efficiency and reduce costs. Indeed,  
AI adoption may involve a rebalancing of logics, as organisations discover practical 
ways AI can support sustainability without undermining social commitments.
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Third, a striking feature of the findings is the prominence of ethical concerns 
among both adopters and prospective AI adopters. For prospective adopters, nearly 
half (46.7%) identified ethical concerns as a barrier, while a third of adopters (34.5%) 
reported similar issues. These concerns resonate with broader debates in the literature 
on responsible AI, which emphasise transparency, accountability, and fairness (Floridi 
et  al. 2018; Jobin, Ienca, and Vayena 2019). Indeed, for social enterprises, ethical 
concerns are directly tied to organisational legitimacy and mission. As organisations 
claiming to serve the public good, social enterprises risk reputational damage if AI 
is seen as undermining inclusivity, creating bias, or threatening staff roles. At the 
same time, social enterprises may have unique opportunities to model responsible 
AI practices. Their missions tend to align closely with principles of fairness and par-
ticipation, suggesting that social enterprises could pioneer ethical AI adoption by 
embedding safeguards from the outset. However, the findings highlight that capacity 
constraints limit the ability to operationalise ethical aspirations. Adopters expressed 
strong demand for training in technical skills (74.5%) and data management (69.1%), 
while prospective adopters emphasised AI strategy and literacy. This suggests that 
even where ethical awareness exists, organisations lack the skills and resources to 
translate principles into practice. Without ecosystem-level support, there is a risk that 
ethical intentions remain aspirational, while practical constraints drive adoption in 
ways that may not fully align with social enterprise values.

Implications for practice and research

Our findings have several implications for supporting AI adoption among social 
enterprises. The data suggests the role of staged adoption pathway with prospective 
adopters requiring basic literacy and strategic guidance, while adopters requiring 
technical and data-focused training. Policymakers and support organisations should 
therefore design tiered training programmes tailored to different stages of adoption. 
Such programmes could follow a capacity-building ladder, moving from awareness 
to strategy to advanced technical competence. Moreover, the fact that most adopters 
and prospective adopters spent less than £1,000 on AI highlights the potential finan-
cial constraints social enterprises face. As such, small grants, subsidies, or tax incentives 
targeted at AI experimentation could reduce the perceived risk of investment. 
Importantly, funding schemes should be designed to support inclusive adoption, 
ensuring that social enterprises of all sizes, including those micro and small and with 
limited resources, are not left behind. Considering that both groups emphasised the 
need for access to AI tools and infrastructure (over 70%), there might be a need to 
create shared resources, such as subsidised cloud platforms, open-source tools, or 
sector-specific AI solutions tailored for social enterprise needs.

Given the growing prominence of ethical concerns, there is an urgent need for 
clear and contextually relevant guidance on responsible AI tailored to social enter-
prises. Existing high-level ethical principles should be translated into practical toolkits 
designed for smaller organisations. Sector bodies and support organisations could 
function as intermediaries, assisting social enterprises in interpreting and applying 
these ethical standards within their operational contexts. At the same time, the per-
sistent gap between ethical aspirations and technical capabilities highlights the 
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importance of integrating capacity-building frameworks with ethical guidelines to 
enable the practical implementation of responsible AI (Floridi et  al. 2018).

Finally, consistent with diffusion of innovations theory (Rogers 2003), early adopters 
play a pivotal role in demonstrating AI’s value and facilitating wider adoption. Platforms 
that promote peer learning, case sharing, and community dialogue could enhance 
adopters’ experiences and reduce uncertainty among prospective users. Such initiatives 
might include networked workshops, digital repositories of case studies, or mentorship 
schemes embedded within social enterprise ecosystems.

From an academic perspective, the study provides interesting insights. Firstly, the 
comparative analysis of adopters and prospective AI adopters refines diffusion theory 
(Rogers 2003) in the social enterprise context, showing how resource constraints and 
hybrid logics shape adoption trajectories. The findings also demonstrate how AI 
adoption involves balancing social and market logics. While prospective adopters 
emphasise external engagement (social logic), adopters highlight efficiency and cost 
reduction (market logic). This supports arguments that hybridity is dynamic, with 
organisational priorities shifting as adoption unfolds (Battilana and Lee 2014).

Conclusion

This study shows that social enterprises adopt AI in cautious but purposeful ways, 
reflecting their hybrid character of combining social and market logics. The how of 
adoption is underpinned by low-cost, incremental, and staged pathways. Social enter-
prises often start with accessible, customer-facing applications such as AI-generated 
content or chatbots before moving towards back-office efficiency tools, process auto-
mation, and decision support systems. Adoption remains financially modest and is 
supported by a strong demand for skills training, infrastructure access, and ethical 
guidance. These patterns highlight a pragmatic orientation where experimentation 
proceeds within resource constraints and is guided by mission alignment rather than 
large-scale technological investment.

The study also advances understanding of why hybrid organisations implement 
technological change. Prospective adopters are motivated by aspirations to enhance 
customer engagement and service user experience, whereas adopters recalibrate 
expectations towards internal efficiency, cost reduction, and operational streamlining. 
Across both groups, AI is overwhelmingly perceived as a complementary rather than 
substitutive technology, enabling social enterprises to strengthen their missions with-
out displacing core human and relational aspects of their work. Ethical concerns, 
particularly around fairness, accountability, and potential exclusion, emerge as a 
defining feature of adoption in this sector, reflecting the heightened legitimacy pres-
sures social enterprises face compared with commercial counterparts.

The key contribution of this study lies in demonstrating that social enterprises 
are not passive but active, though cautious, participants in the AI landscape. 
Adoption is shaped less by scale or capital intensity than by the ability to align 
technology use with organisational purpose and values. By engaging explicitly with 
diffusion of innovations theory (Rogers 2003), our analysis shows how learning 
reduces uncertainty and shifts adoption barriers from perceived risks, such as 
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reputational legitimacy, to practical challenges including integration, data manage-
ment and technical expertise. At the same time, the findings contribute to ongoing 
debates on disruptive innovation (Christensen, Raynor, and McDonald 2015), sug-
gesting that although AI is often portrayed as a transformative or disruptive force, 
social enterprises tend to view it as complementary and sustaining, and a means 
of reinforcing efficiency and social mission rather than displacing existing logics of 
practice. Indeed, while the transformative potential of AI within this sector remains 
emergent, realising it will require tailored forms of institutional and policy support 
that address both capacity and ethical alignment. Without such facilitation, AI 
adoption among social enterprises risks remaining incremental, thereby limiting its 
potential to evolve from a sustaining innovation into a genuinely disruptive force 
for social impact.

Limitations and future study directions

While this study provides valuable insights into current and prospective patterns of 
AI adoption among social enterprises, several limitations must be acknowledged. First, 
the findings rely on self-reported data, which may be subject to social desirability 
bias and potential inaccuracies in recall, as respondents may overstate engagement 
with AI to align with perceived expectations or sectoral norms. Second, although the 
survey offers a useful snapshot of adoption activity, it captures data at a single point 
in time. The absence of longitudinal data limits the ability to trace adoption trajec-
tories or understand how perceptions, practices, and organisational capabilities evolve 
as technologies mature. Third, while the study’s breadth provides an overview of 
adoption trends, it does not incorporate organisational performance measures that 
could help assess the actual impact of AI on efficiency, innovation, or social outcomes. 
Furthermore, the sample, drawn from social enterprises within one national context, 
is not sufficiently large to allow broad generalisation across the wider social enterprise 
sector. The survey design, which prioritised coverage over depth, also constrains the 
capacity to uncover the nuanced organisational processes and cultural dynamics 
underpinning AI adoption. Finally, by focusing primarily on adopters and prospective 
adopters, the study excludes non-adopters, leaving an important dimension of the 
social enterprise landscape unexplored.

Given these limitations, future research should adopt large-scale longitudinal designs 
to capture how AI engagement evolves over time and how early adoption decisions 
influence long-term organisational performance. Mixed-methods approaches combining 
quantitative and qualitative data would allow for richer insight into the interplay 
between technological capability, mission alignment, and ethical considerations. 
Comparative research across countries and sectors could further illuminate contextual 
drivers of adoption, while case-based and ethnographic studies could explore internal 
decision-making processes and value negotiations in greater depth. Finally, incorpo-
rating objective performance metrics would enable more robust assessment of AI’s 
tangible effects on social impact and organisational sustainability, advancing under-
standing of how social enterprises balance efficiency gains with their wider social 
commitments.
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