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The study investigates how artificial intelligence can be integrated 
into the knowledge work of a micro‑enterprise to improve 
productivity, efficiency and work well-being. A longitudinal 
single‑case design, supported by a master’s thesis and follow‑up 
interview, is used to examine how lightweight readiness practices, 
human-AI task division and iterative workflow adjustments shape 
adoption under resource constraints. The experimental part was 
conducted qualitatively within a single firm. The findings indicate 
that AI can reduce the time spent on preparatory tasks and, in 
doing so, ease deadline pressure. At the same time, expert 
oversight is maintained through explicit checkpoints, which 
appear to help mitigate risks related to automation bias. In this 
case, the analysis sheds light on AI readiness at a micro level, 
particularly in how work moves along the assistive-to-advisory 
spectrum in human-AI collaboration and toward more AI-
supported workflows. It also offers practical guidance for small 
knowledge work firms that are looking for realistic and 
responsible ways to begin using AI. 
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1 Introduction 
 
Artificial intelligence (AI) is spreading quickly in knowledge-intensive work. It offers 
clear potential to improve productivity and efficiency, but it also raises questions 
about its effects on employees and whether organisations are ready to adopt it. For 
micro and small companies, the potential is significant, but so are the challenges. 
These firms often work with limited resources, fragmented data and a limited 
capacity for change. 
 
Prior literature (Iansiti & Lakhani, 2020; Colson, 2019) describes AI as a general-
purpose technology that can reshape how organisations operate, learn and make 
decisions. At the same time, it stresses that benefits do not come from technology 
alone. They depend on having the right capabilities and on integrating AI carefully 
into everyday work. In this article, AI mainly refers to generative AI. 
 
We examine the research question (RQ): How can Artificial Intelligence be effectively 
integrated into the knowledge work of a micro-enterprise to improve productivity and work 
well-being? Knowledge work is understood here as the acquisition, creation, 
combination or application of knowledge (Davenport et al., 1996). The question is 
timely and responds to a clear gap in the literature. Most existing research focuses 
on large organisations (Enholm et al., 2022; Jöhnk et al., 2021), while small and 
medium-sized enterprises (SMEs, see European Commission, 2003) face different 
challenges. These include lower levels of AI readiness, which can put them at a 
disadvantage (Yang et al., 2024). At the same time, SMEs form a large part of many 
economies and account for a significant share of knowledge-intensive work, which 
makes their AI adoption both economically and socially important. 
 
Generative AI has recently made advanced AI tools easier to access through simple 
interfaces and cloud services. This makes the RQ especially relevant for small firms, 
as these changes can lower the barriers to adoption (Brynjolfsson et al., 2023; 
Longueville et al., 2025). However, there is still limited empirical research on how 
small firms can use these tools effectively. Most studies focus on large organisations 
or specific technical solutions rather than broader ways of integrating AI into 
everyday work (Russo, 2024; Weinberg, 2025). 
 



T. Korhonen, H. Kemppainen: Integrating AI into Small Firm Knowledge Work: A Qualitative  
Case Study 603 

 

 

Including work well-being alongside productivity and efficiency responds to a 
growing concern in the literature. While AI can improve performance, it may also 
increase stress, mental workload or job insecurity if it is not introduced carefully 
(Neumann et al., 2022; Radhakrishnan et al., 2022). 
 
AI often improves productivity by reducing routine tasks and making work more 
efficient, although most evidence comes from large organisations (Soulami et al., 
2024). In these settings, structured implementation and greater resources tend to 
strengthen the gains (Brynjolfsson et al., 2023; OECD, 2023). In SMEs, AI can also 
improve performance and efficiency, but the results depend more on factors such 
as skills, training and organisational support. At the same time, limited resources and 
other adoption barriers still play a significant role (Sánchez et al., 2025; Wahab & 
Radmehr, 2024; Fan et al., 2025; Soomro et al., 2024). 
 
Research on micro-enterprises is still scarce. Existing studies focus mainly on 
conditions for adoption rather than outcomes, suggesting that AI use is shaped by 
entrepreneurial orientation and technological readiness. Evidence on productivity 
and well-being effects remains limited and mostly indirect (Nevi et al., 2025), which 
reflects a broader gap noted in earlier reviews (Soulami et al., 2024; OECD, 2023). 
 
This RQ bridges theory and practice by examining not just whether AI creates value, 
but how it can be integrated in resource-constrained contexts. Existing frameworks 
for AI readiness and business value (Enholm et al., 2022; Jöhnk et al., 2021) have 
been developed primarily from large-firm perspectives and require adaptation to 
small-firm realities. Through this longitudinal case study, we provide empirical 
insights into how small firms can structure practices and workflows to gain AI 
benefits while preserving human-centred work. 
 
The study is based on two empirical sources from the same micro-enterprise in 
professional services. First, we draw on a master’s thesis from 2025 that examined 
AI adoption in a micro-sized firm (Kemppainen, 2025). This was followed by a semi-
structured interview with the same firm in 2026, which focused on outcomes, 
challenges and effects on well-being one year after the initial recommendations. 
These materials are considered alongside existing research on the business value of 
AI, organisational and AI readiness, human-AI collaboration in knowledge work, 
and the workforce effects of machine learning (ML). 
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This article first reviews prior research on AI value creation, readiness, human-AI 
task allocation, decision processes, and small-firm AI adoption challenges. It then 
outlines the research design, presents results integrating empirical insights with 
theory into a practical model for resource-constrained knowledge work, and 
concludes with implications, limitations, and future research directions. 
 
2 Previous research 
 
Research on AI in business has shifted from focusing mainly on technology to 
looking at how organisational capabilities and practices shape outcomes. Studies 
have examined what supports or hinders AI adoption, as well as its direct effects, 
such as better decisions and more efficient processes, and broader impacts on 
performance and sustainability. They also show that many organisations struggle to 
create value because of skill gaps, resistance to change and unclear goals (Enholm 
et al., 2022). Research also distinguishes between automation, where tasks are 
replaced, and augmentation, where AI supports human work. It shows that value 
depends not only on the technology but also on factors such as management 
support, strategy and organisational culture (Radhakrishnan et al., 2022). 
 
In SMEs, studies often combine the Technology-Organisation-Environment (TOE) 
framework, with Diffusion of Innovations (DOI) theory, which explains how new 
ideas and technologies spread over time. Using these perspectives, research identifies 
common barriers such as limited data access, lack of skills, cultural resistance and 
weak governance, and suggests step-by-step ways to support adoption (Sánchez et 
al., 2025). 
 
Employees may worry about deskilling or job loss when new AI tools are introduced. 
This highlights the need for clear change management and for presenting AI as a 
support rather than a threat (Mohd Rasdi & Umar Baki, 2025). 
 
Readiness is often used to explain how organisations adopt digital technologies and 
AI. Earlier research describes it as a set of capabilities and shows that missing these 
capabilities is a common reason why initiatives fail. Because of this, readiness should 
be assessed before moving to wider use (Lokuge et al., 2019). 
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More recent AI-focused studies identify practical factors that matter, such as data 
quality, model transparency, skills and governance. These extend the traditional 
TOE view to better fit AI contexts (Jöhnk et al., 2021; Pumplun et al., 2019). A 
common finding is that readiness and adoption develop together over time and 
strengthen each other (Jöhnk et al., 2021). 
 
For SMEs, readiness challenges are often more pronounced. Research shows that 
smaller firms tend to have lower levels of AI readiness, which can make it harder for 
them to deal with adoption challenges than for larger organisations (Yang et al., 
2024). At the same time, recent studies suggest that agile firms can build practical 
readiness through lighter approaches, such as cloud-based SaaS tools, flexible 
structures and small-scale pilots that are developed over time (Oluwamola et al., 
2025). 
 
Evidence from a boutique branding consultancy also shows that generative AI can 
support everyday work by speeding up content creation, reducing managerial 
workload and gradually strengthening the organisation’s knowledge base (Yurong, 
2024). These findings offer a useful example for other SMEs. Overall, this supports 
the idea that creating value from AI often requires changes to the business model as 
well (Åström et al., 2022). 
 
Human-AI symbiosis research shows that AI supports human cognition in complex, 
data‑rich tasks, while humans provide contextual, intuitive, and ethical judgment 
under uncertainty. The dominant view is one of intelligence augmentation rather 
than substitution (Jarrahi, 2018). Decision‑making studies similarly advocate a shift 
from “data‑driven” workflows, where humans perform most processing, to 
“AI‑driven” workflows in which machines handle data‑intensive analysis and 
generate options, and humans focus on deliberation guided by values, strategy, and 
context (Colson, 2019; Iansiti & Lakhani, 2020). 
 
In terms of the workforce, machine learning is often seen as a general technology 
that changes work rather than simply replacing it. Jobs consist of many different 
tasks, and not all of them are suitable for automation. As a result, work is changing 
and expanding rather than disappearing, although the effects are uneven 
(Brynjolfsson & Mitchell, 2017). From a management perspective, AI is often built 
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on earlier data and analytics capabilities. Organisations can move forward more 
easily if they build on these existing strengths, if skills, governance and data practices 
develop at the same time (Davenport, 2018). 
 
Small companies can unlock value from AI if they adopt a deliberate approach to its 
adoption, ensuring that the foundations for its use are in place. They should also 
design human-AI task allocations that protect well‑being and embed AI into 
decision workflows with clear guidelines for accuracy, transparency, and 
responsibility (Horvat et al., 2023; Uren et al., 2023; Cheong, 2024). 
 
3 Methodology 
 
This study brings together two empirical sources from the same micro-sized 
professional services company and combines them with a focused review of the 
literature. One source is a master’s thesis that examines AI use in a knowledge work 
firm with fewer than ten employees using an action research approach (Kemppainen, 
2025). The article itself is based on a single case study, which is suitable for exploring 
how and why things happen in real organisational settings where events cannot be 
controlled (Yin, 2019). The case also makes it possible to follow AI use over time in 
a micro-enterprise and to capture changes and emerging practices.  
 
The semi-structured interview was conducted in February 2026 with the firm’s 
owner-manager to understand how the earlier recommendations had been 
implemented. The discussion covered areas such as task types, tools in use, changes 
in workflows, perceived productivity, error patterns, governance and effects on well-
being. The interview lasted 53 minutes and was transcribed immediately afterwards. 
 
The analysis followed an abductive approach, moving between the data and existing 
theory. In practice, this meant combining inductive observations with theoretical 
interpretation and revisiting both as the analysis progressed (Thompson, 2022; van 
Hulst et al., 2025). This approach made it possible to use established concepts while 
still paying attention to new and unexpected insights from the case. 
 
Two established frameworks were used to make sense of the empirical material. 
First, the AI readiness framework by Jöhnk et al. (2021) helped us look at the firm’s 
preparedness across five areas: strategy, culture, organisation, technology and data. 
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It allowed us to see which areas were already in place, which still needed work, and 
how a small firm’s more lightweight approach compared to the framework, which 
was originally developed with larger organisations in mind. Through this lens, 
elements such as the firm’s simple policy (“AI-draft, human-decide”), its prompt 
library and its choice of tools could be seen as practical, scaled-down versions of 
strategic, cognitive and IT readiness. 
 
Second, the framework by Enholm et al. (2022) was used to analyse outcomes and 
how value was created. It distinguishes between factors that support or hinder 
adoption, short-term effects such as better decisions and more efficient processes, 
and broader impacts on performance and sustainability. It also stresses that value 
comes not only from technology but from how it is combined with organisational 
capabilities and change management. Using this framework, we were able to link the 
firm’s reported productivity gains, changes in error patterns and effects on well-
being to the different dimensions of the model. 
 

 
Figure 1: Theme categories in integrating AI into micro firm knowledge work 

Source: Own 
 
The analysis moved back and forth between the data and the theoretical frameworks. 
The interview transcript was first coded inductively, focusing on themes such as 
tasks, tools, workflows, outcomes and challenges. These themes were then 
compared with the concepts in the frameworks by Jöhnk et al. (2021) and Enholm 
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et al. (2022), which helped to identify both matches and differences. From this 
process, eight theme categories were formed, as shown in Fig. 1: Strategic 
significance, Environmental actors, Technological Readiness, Organisational 
capability, AI use type, Data orientation, AI competences and Impact on 
processes/work well-being. 
 
This study has some limitations. It focuses on a single case, relies on self-reported 
well-being, and productivity. The findings relate to one professional services micro-
enterprise in a specific national context, so they should be applied to other settings 
with caution. However, the year-long follow-up and the use of established 
theoretical frameworks provide a solid basis for broader interpretation and further 
theory development (Yin, 2019). 
 
4 Results 
 
The results show that AI use in the micro-enterprise developed step-by-step over 
twelve months. Readiness was supported by simple governance practices and 
gradual upskilling, along with clearer data and processes that made tasks easier to 
handle with AI. Work was structured so that drafting and validation were kept 
separate, with humans responsible for checking outputs. Over time, AI outputs were 
gradually included in decision-making, with clear human checkpoints in place. The 
findings are presented in terms of productivity and efficiency, work well-being, and 
integration practices. 
 
The firm has primarily implemented generative AI in the following areas: document 
drafting, templated email responses, client memos, and first-pass reconciliations of 
routine bookkeeping anomalies. Based on interview data rather than direct time 
measurement, the greatest gains were reported in preparatory work, with staff 
estimating notable time savings in drafting standard communications and some 
improvements in preparing checklists and workpapers. In contrast, core accounting 
judgments and final filings were human led, with AI providing alternative 
explanations for consideration. This distribution of labour was consistent with the 
thesis roadmap, which emphasised the removal of administrative friction from 
expert time while preserving human authority over compliance risk and 
client‑specific nuances (Kemppainen, 2025).  
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These patterns reflect a shift in how tasks and decisions are organised. AI takes on 
most of the computational work, while humans focus on interpretation, context and 
ethical judgement. How well this works depends not only on the technology, but 
also on how workflows are redesigned and how clearly roles and responsibilities are 
defined (Jarrahi, 2018; Colson, 2019). 
 
The firm’s experience is similar to findings from other knowledge-intensive settings. 
In these contexts, generative AI has helped to speed up information creation and 
reduce managerial workload, but it still requires clear human oversight (Yurong, 
2024). 
 
It was observed that error patterns underwent a shift rather than a complete 
disappearance. The company reported a decrease in typographical and formatting 
errors, but occasional "plausible-but-wrong" statements were noted when prompts 
were ambiguous or when AI extrapolated outdated regulation. To reduce the risk of 
automation bias, the firm introduced an explicit "two-layer check" for outputs to 
external parties. This process was as follows: first, the drafter verified content against 
source documents; second, a risk-weighted review was applied for tax and 
compliance claims.  
 
This response reflects the concept of readiness work, which places significant 
emphasis on governance, data quality, and transparent indicators for responsible 
adoption. It is also consistent with the literature on workforce management, which 
asserts the importance of maintaining human involvement in situations where the 
suitability of tasks for ML is only partial (Jöhnk et al., 2021; Brynjolfsson & Mitchell, 
2017). 
 
Based on interview data rather than measurable indicators, the effects on 
work‑related well‑being were mostly positive. Employees reported reduced deadline 
pressure and greater control over tasks, although prompt design and monitoring of 
AI errors remained initial stressors that eased over time. The mixed effects line up 
with earlier findings that AI can either reduce or increase strain depending on 
process design and maturity (Enholm et al., 2022). 
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4.1 Theoretical implications 
 
The case shows that AI readiness in micro enterprises can develop in a simple, 
practice-based way rather than through a formal program, while still covering 
different aspects and evolving over time (Lokuge et al., 2019; Jöhnk et al., 2021; 
Pumplun et al., 2019). The findings also suggest that productivity and well-being 
improve when AI supports work step-by-step and humans remain in control 
through clear checkpoints (Jarrahi, 2018). 
 
The case further shows a gradual move toward AI-supported workflows, where AI 
generates options and humans make the final decisions. This is in line with earlier 
research on AI-driven operating models and the role of governance in creating value 
(Colson, 2019; Iansiti & Lakhani, 2020; Enholm et al., 2022; Davenport, 2018). 
Together, these observations help describe how readiness and human-AI 
collaboration take shape in a small firm with limited resources and highlight the 
importance of clear checkpoints and governance in making AI use sustainable. 
 
4.2 Practical implications 
 
For managers in micro and small knowledge-work firms, the following steps offer a 
structured approach to AI adoption (see Fig.2). 
 
Plan and select. Assess the current state and define strategic objectives (Sánchez et 
al., 2025). Use a concise readiness canvas to define use cases, expected outputs, 
verification rules, and data sources. This supports iterative and pragmatic AI 
adoption in SMEs (Horvat et al., 2023; Kemppainen, 2025; Weinberg, 2025). 
Managers can start with standardised, high-volume tasks and extend AI use gradually 
as skills and governance practices develop. Prioritise high-impact, low-complexity 
projects and choose the right tools and partners. (Agbaakin, 2025; Kemppainen, 
2025; Longueville et al., 2025; Sánchez et al., 2025) 
 
Pilot and evaluate. Start with small-scale pilots to validate AI before full 
implementation (Sánchez et al., 2025). Reduce automation bias by requiring source 
cues for AI‑generated factual statements. This strengthens verification practices and 
supports responsible AI use. (Brynjolfsson et al., 2023; Enholm et al., 2022; 
Kemppainen, 2025) Define success metrics (KPIs) (Agbaakin, 2025). 
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Upskill and encourage. Embed learning into daily work using the “see one, do 
one, teach one” micro‑training approach, and encourage a culture of 
experimentation and positive engagement with AI (Jöhnk et al., 2021; Kemppainen, 
2025; Lokuge et al., 2019). Apply change-management practices that reduce 
resistance, clarify responsibilities and reinforce that AI is intended to augment rather 
than replace human capabilities. (Sánchez et al., 2025) 
 
Measure and scale. Use KPIs to evaluate AI impact and scale accordingly (Sánchez 
et al., 2025). 
 
These steps operationalise readiness and human-AI symbiosis principles associated 
with sustainable value creation (Davenport, 2018; Enholm et al., 2022; Jöhnk et al., 
2021). 
 

 
 

Figure 2: Approach to AI adoption in micro or small firms 
Source: Own 
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5 Discussion and conclusions 
 
The findings show that integrating AI into small‑firm knowledge work is challenging 
yet achievable. The case shows that a small firm can improve efficiency by adopting 
AI gradually and with a human focus. This interpretation echoes workforce research 
that recognises major transformation without assuming simple substitution 
(Brynjolfsson & Mitchell, 2017) and with managerial guidance promoting a gradual, 
capability‑based shift from analytics to AI (Davenport, 2018). 
 
In our case, the micro‑enterprise shows readiness in a practical way rather than 
through a formal program, while still achieving clear benefits. This supports the 
scalability of readiness (Lokuge et al., 2019) and relates with AI‑specific readiness 
indicators (Jöhnk et al., 2021; Pumplun et al., 2019). It further suggests that 
lightweight mechanisms such as simple policies, prompt libraries, and customized 
tools can constitute functional readiness in resource‑constrained contexts. 
 
The case adds to human-AI collaboration research by showing how support roles 
can develop into more advisory roles, and how clear safeguards against automation 
bias help maintain trust and well-being (Jarrahi, 2018). It supports the proposition 
that AI‑driven operating architectures can be realized incrementally in small firms 
when decision processing shifts are matched by clear human checkpoints (Colson, 
2019; Iansiti & Lakhani, 2020). In this micro‑enterprise context, data governance 
emerged as a central constraint. Data‑related limitations shape feasible AI use cases 
more than technical capabilities do. A related observation is that data‑driven 
innovation across European firms is strongly conditioned by concerns over fair data 
use, ecosystem governance and regulatory boundaries (Heikkilä et al., 2023). 
 
Our case firm’s move to AI-generated previews suggests that the evolutionary path 
observed in large enterprises (Davenport, 2018) is also achievable in 
micro-enterprises when governance, skills, and workflows develop in parallel. This 
contributes to emerging work on generative AI in professional services by illustrating 
how large-firm frameworks can be adapted to small-firm contexts (Russo, 2024; 
Sánchez et al., 2025; Weinberg, 2025). 
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Small knowledge‑work firms can begin with high‑volume, low‑risk drafting tasks. 
Formalise “AI‑draft, human‑decide” as policy, standardise prompts, and measure 
cycle time. Gradually extend into advisory uses where AI proposes alternatives and 
explanations that humans evaluate. They should invest in data hygiene and 
documentation, require traceability for factual statements, and analyse AI mistakes 
to update prompts and checklists. These steps help connect high-level AI goals with 
everyday work. 
 
The study has limitations. It is a single‑case design in one national and professional 
context with self‑reported productivity estimates and qualitatively assessed 
well‑being effects, without direct quantitative measurement (e.g., time‑tracking or 
validated well‑being indicators). While single‑case studies enable analytical 
generalization to theoretical propositions (Yin, 2019), the findings’ transferability to 
other sectors, firm sizes, or cultural contexts requires empirical validation. Future 
research should therefore validate these findings using quantitative approaches, such 
as time‑and‑motion studies, digital‑trace data, or standardized well‑being measures, 
in addition to examining how the assistive‑to‑advisory pattern of human‑AI 
collaboration differs across sectors and how specific readiness subdimensions 
influence outcomes in micro‑enterprises. It should also explore how the minimal 
readiness bundle scales as firms grow or adapt to changing regulations such as the 
EU AI Act (European Union, 2024) and clarify construct boundaries by linking 
digital‑innovation readiness with AI‑readiness frameworks (Lokuge et al., 2019; 
Jöhnk et al., 2021; Pumplun et al., 2019). 
 
Effective AI integration in small‑firm knowledge work is mainly an organisational 
design task. Building a minimal readiness bundle, dividing work so that humans and 
AI each use their strengths, and adding safeguards against automation bias allow 
firms to improve productivity and efficiency without harming well‑being. This case 
shows that such progress is achievable even with limited resources when adoption 
is deliberate, iterative and human‑centred. 
 
 
Endnote 
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manuscript. 
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