Artificial Intelligence Adoption and Project Performance among Small and Medium Enterprises in Kakamega County, Kenya: Evidence from the UTAUT Model
ABSTRACT
Purpose: This study examined the influence of Artificial Intelligence (AI) adoption on project performance among Small and Medium Enterprises (SMEs) in Kakamega County, Kenya, using the Unified Theory of Acceptance and Use of Technology (UTAUT). Specifically, the study investigated the effects of performance expectancy, effort expectancy, social influence, and facilitating conditions on project performance.
Design/methodology/approach: A quantitative-dominant mixed-methods design was adopted using concurrent triangulation. Primary data were collected from 338 owners and project managers of registered SMEs through structured questionnaires containing Likert-scale and open-ended questions. Exploratory Factor Analysis (EFA) was conducted to establish construct validity, after which composite mean scores were computed for each UTAUT construct and analysed using Pearson correlation and multiple regression. Qualitative responses were integrated into the discussion to explain the quantitative findings.
Findings: The regression model was statistically significant (F = 78.960, p < .001) and explained 48.7% of the variation in project performance (Adjusted R² = 0.481). Effort expectancy (β = 0.241, p < .001) and social influence (β = 0.406, p < .001) significantly enhanced project performance, with social influence emerging as the strongest predictor. Conversely, performance expectancy (β = 0.035, p = .468) and facilitating conditions (β = 0.017, p = .758) were not statistically significant. Qualitative findings revealed that inadequate AI skills, high implementation costs, and limited training constrained effective AI utilization despite widespread recognition of AI's potential benefits.
Practical implications: The findings suggest that improving AI literacy, simplifying AI applications, and strengthening stakeholder collaboration are likely to generate greater project performance gains than investments in technological infrastructure alone. Policymakers, technology providers, TVET institutions, and SME associations should collaborate to provide affordable, context-specific AI capacity-building programmes for SMEs.
Originality/value: This study extends the application of UTAUT by linking AI adoption directly to project performance rather than behavioural intention within a resource-constrained SME context. By integrating quantitative and qualitative evidence, the study provides new empirical insights into the behavioural and organizational factors that shape AI-enabled project success among SMEs in Kenya.
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INTRODUCTION
Artificial Intelligence (AI) has become one of the most influential technological innovations shaping modern business operations. Many organizations are turning to artificial intelligence technologies to automate repetitive tasks, make better decisions, provide a better customer experience, optimize resources, and boost project execution. Today, the use of applications like predictive analytics, machine learning, intelligent automation, and natural language processing has revolutionised the way companies plan, track, and assess organisational activities. In today's fast-paced world of digital transformation, AI is emerging as a strategic asset that has the potential to revolutionize business competitiveness and performance across all industries.
Among the key beneficiaries of digital transformation are Small and Medium Enterprises (SMEs) because they are flexible and quick to embrace new technologies. SMEs make up about 90% of businesses and are significant contributors to employment and economic growth globally. By leveraging AI, SMEs can optimize their operational efficiency, cut expenses, boost customer satisfaction, streamline inventory control, refine forecasting capabilities, and aid in making informed business choices. In the competitive landscape, the use of AI has become a necessity to ensure a business's sustainability and project success.
However, the uptake of AI in SMEs is not uniform, especially in developing economies. SMEs often encounter financial difficulties, lack advanced technological infrastructure, digital skills, and the capacity to effectively use advanced technologies, which is not possible in large organizations. The lack of understanding of the use of AI and the ROI of implementing AI tools can make these challenges even more difficult. As a result, despite the awareness of the potential value of AI technologies, many SMEs are still at the early stages of digital transformation.
In the last ten years, Kenya has seen significant progress in digital innovation, thanks to improved internet access, mobile technology, digital financial services, and government policies encouraging digital transformation. SMEs play a significant role in job creation, household income generation, and national economic development, and form the backbone of the Kenyan economy. However, the use of AI amongst the SMEs is still low, especially in the rural areas away from major urban centres like Nairobi and Mombasa. The lack of digital skills, access to finance, infrastructure, and institutional support at the county level persists and can impact their capacity to leverage AI for project management and organizational performance.
Kakamega County is a key setting to explore the adoption of AI in SMEs. The county is home to a fast-growing SME community in both the trade and service and manufacturing sectors. While significant progress has been made in accessing digital technologies, the use of cutting-edge AI technologies is still relatively small. Thus, it is significant to understand the factors that impact the adoption of AI in this context to benefit project performance, competitiveness of businesses, and sustainable economic development at the county level.
The existing literature on the adoption of AI has tended to focus on technology acceptance, behavioral intention, or organizational readiness, but not on any specific project performance outcomes. Most empirical studies have been conducted in large institutions, financial institutions, health care systems, manufacturing sectors, or in developed economies. As such, little empirical literature is available on the relationship between AI adoption and project performance in the context of SMEs in Kenya's county-level. Moreover, very few studies have taken a comprehensive approach of combining quantitative and qualitative evidence to better understand the impact of the use of AI on project performance in the context of SMEs working with resource constraints.
To tackle the above gaps, the present study investigates the effect of Artificial Intelligence adoption on project performance of SMEs in Kakamega County based on the Unified Theory of Acceptance and Use of Technology (UTAUT). In particular, the study examines whether there is a significant influence of the constructs of Performance Expectancy, Effort Expectancy, Social Influence, and Facilitating Conditions on project performance. The study combines quantitative findings with qualitative data from the SME owners and project managers to deliver an all-rounder perspective on the statistical relations and practical issues of adopting AI. The results add to the knowledge base on digital transformation in developing countries and offer evidence-based suggestions to SME managers, policy makers, technology providers, and training institutions to encourage effective AI utilization.
LITERATURE REVIEW
Artificial Intelligence Adoption and SME Project Performance
Artificial Intelligence (AI) has become a game-changer in the way projects are managed in small and medium enterprises (SMEs), increasingly becoming a strategic technology for changing the way project execution is managed. In contrast to the conventional digital systems, which mainly automate routine tasks, AI facilitates predictive analytics, intelligent decision-making, resource optimization, and process automation, all of which can significantly enhance the cost, quality, and time performance of project delivery for firms (Abrokwah-Larbi & Awuku-Larbi, 2023; Wu et al., 2024). As a result, the use of AI is a significant competitive edge, especially for SMEs in dynamic and resource-constrained environments.
Despite this, existing empirical evidence is consistent and shows that AI has a positive effect on organisational performance, though not to the same degree in different contexts. Most research in developed countries shows better performance gains due to their superior digital infrastructure, highly trained employees, and financial resources to support the adoption of AI (Lima et al., 2023; Olubiyi & Akinlabi, 2025). On the other hand, studies conducted in developing nations indicate that the adoption of AI can yield mixed results, primarily because of the lack of adequate infrastructure, technical know-how, financial resources, and resistance to technology change among organizations (Hossain & Azam, 2023; Pyoko et al., 2023).
Existing research in the Kenyan context is predominantly on digital transformation, electronic business systems, and financial technologies as opposed to AI. Maina (2024) showed that the use of AI in performance management systems created an effective organization in a large telecommunications corporation, and Omoga (2023) revealed that AI-based management information systems (MIS) contributed to strengthening decision-making in county governments. While these findings prove AI's potential benefits, they come from a large public or corporate organization with technology that is vastly different from that of SMEs. Analogously, the research on digitalization of SMEs has been limited to mobile banking, e-filing systems, and general information technology adoption, not considering AI-enabled project management (Kala et al., 2025; Ouma et al., 2025).
The literature thus indicates a general agreement that AI has the potential to enhance organizational performance. However, there is still some division on the circumstances in which such benefits become apparent. Others believe that organizational preparedness, employee capability, and employee acceptance are the factors that drive the success or failure of AI investments, rather than just technical prowess. The unequal adoption of technological factors does not seem to provide a sound explanation for the performance gap between SMEs.
In addition, few empirical studies have explored the dimensions of AI adoption based on the widely used Unified Theory of Acceptance and Use of Technology (UTAUT) and the relationship between AI adoption perceptions and project performance within county-level environments in Kenya for SMEs. This study fills this gap by investigating the effect of the four constructs of the UTAUT on the project performance of SMEs in Kakamega County.
Performance Expectancy and Project Performance
Performance expectancy is defined as the degree to which users think a specific technology will enhance job performance (Venkatesh et al., 2003). In the realm of AI adoption, performance expectancy involves managers' beliefs that AI improves the accuracy of planning, efficiency of operation, forecasting, resource allocation, and project decision-making. UTAUT suggests that such perceived benefits lead to people's willingness to use technology and, in turn, to the positive effects on organizational outcomes.
Empirical results confirm the positive relationship between performance expectancy and technology adoption, on average. Venkatesh (2021) claims that perceived usefulness is still one of the most significant factors explaining AI acceptance in organizational contexts. Ling (2025) reached the same conclusion, stating that managers at Taiwanese SMEs were driven to implement AI-powered e-commerce solutions to boost marketing effectiveness and efficiency. Similarly, Ojeme and Odiase (2023) showed that performance expectancy was a significant determinant of the adoption of information technology among SMEs in Nigeria.
Even with this apparent agreement, recent research indicates that the importance of having positive expectations doesn't necessarily mean that organizational performance will be better. Although managers often see the advantages of AI, there may be implementation issues that obstruct the ability to fully realize these benefits in their operations (Tominc et al., 2024; Khan et al., 2024). Organisations can thus have positive attitudes towards AI, but lack the skills to actually implement it effectively. The distinction becomes especially important for SMEs, where financial restraints, lack of skills among employees, and other strategic priorities often limit the use of technology.
A central difference between the intention to adopt technology and realized organizational performance can be found in the literature. Most of the studies in the literature focus on behavioural intention as the dependent variable. Still, very few studies explore whether perceived usefulness has a direct impact on project performance once AI has been implemented. As a result, empirical studies that shed light on the performance impact of performance expectancy in SME project settings are still scarce, especially in the developing world.
Effort Expectancy and Project Performance
The effort expectancy is defined as the extent to which people believe that a technology is easy to learn, comprehend, and use (Venkatesh et al., 2003). In the context of AI adoption, this concept refers to the ease with which people can interact with AI systems, seamlessly integrate them into their workflows, and gain confidence in their usage. UTAUT suggests that technologies where the effort required is low will be accepted and used more, and that future use of such technologies will lead to better organizational outcomes.
Prior research has consistently shown that effort expectancy is one of the most important behavioral factors in the adoption of technology. The results from Chen et al. (2023) indicate that the perceived ease of use was a key factor in the acceptance of wearable technologies by elderly users, whereas the results from Wu et al. (2024) showed that effort expectancy is a significant predictor of the adoption of AI in the construction industry. Likewise, Maina (2024) found that when staff members felt like AI-supported performance management systems were easy and user-friendly to use, they were more inclined to adopt them. The results indicate that the easier it is to use, the more confident users will be, the more successful the implementation will be, and the less complex the technology is.
But studies also show that the importance of effort expectancy varies from context to context. In technologically advanced organizations, where the employees have high digital competencies, ease of use can be less dominant, as they are already knowledgeable about digital systems (Alhalafi & Veeraraghavan, 2023). In SMEs that work in developing economies, on the other hand, their lack of technical knowledge and insufficient digital literacy magnifies the role of effort expectancy. Even when technologies have organizational benefits, their success depends on their ease of use, as employees are less likely to accept technologies that are difficult to use (Tominc et al., 2024). In such business settings, where resources are limited, the usability of AI applications becomes a crucial factor.
Other scholars suggest that effort expectancy indirectly affects organizational performance by lowering the resistance to implementation, lowering the need for training, and increasing employee involvement in technology implementation (Khan et al., 2024; Wanzala & Obokoh, 2025). Easily learnable and implementable AI systems allow employees to automate mundane tasks, enhance communication, and make quicker decisions on projects, increasing project efficiency.
Though research to date has overwhelmingly confirmed the significance of effort expectancy, the majority of the evidence focuses on behavioural intention instead of real project performance. There is limited research exploring the potential of perceived ease of use to affect measurable project delivery improvements with SMEs, especially in the context of county-based projects in Kenya. The study is thus aimed at investigating whether there is an effect of effort expectancy on project performance of SMEs in Kakamega County.
Social Influence and Project Performance
Social influence is the degree to which others who are in an institution or organisation value an individual or group would like them to use a certain technology (Venkatesh et al., 2003). These influences can come from customers, suppliers, competitors, professional organizations, government, colleagues, or industry networks. UTAUT suggests that when important stakeholders have positive attitudes towards a technology, then people will be more inclined to adopt it.
Empirical research in the past has typically found that social influence is positively associated with the adoption of organizational technology. According to Kwarteng et al. (2023), challenges of competition and the expectations of industry are key drivers in boosting SME digitalization in European countries. Likewise, Waithaka et al. (2022) showed that peers and institutional encouragement had a positive impact on the use of technologies in Universities in Kenya. The research indicates that organizations are not only internally motivated to embrace innovations, but they are also externally motivated by expectations and/or competitive pressures.
In addition to technology adoption, social influence has also been correlated with organizational performance. Alkilani and Loosemore (2022) proved that stakeholder support helps to improve the performance of construction projects by fostering collaboration, communication, and organizational commitment. Similarly, Eng'airo (2024) stated that AI-driven organizational performance can be enhanced by fostering a culture where leadership buy-in and acceptance of AI support its effective use of emerging technologies. These results suggest that social support can, in fact, help with technology adoption and help establish conditions that enable performance benefits to be achieved.
Although consensus exists on the significance of social influence, researchers disagree about the process by which social influence influences organizational outcomes. Others argue that social influence is mainly applied at the adoption phase and becomes less influential as one accumulates technological knowledge (Venkatesh, 2021). Others, however, contend that ongoing interactions with stakeholders are vital during implementation as organizational learning, knowledge exchange, and institutional support promote continued use of the technology ( Wu et al., 2024; Khan et al., 2024). This difference implies that social influence can differ depending on the organizational stage of maturity and contextual factors.
The literature on social influence and AI application effects on project performance for Kenyan SMEs is still limited. Most of the existing research is geared towards the adoption of technology in general, rather than specific AI applications in project management. This study, therefore, seeks to build on the existing literature by establishing whether stakeholder influence is a determinant of better project performance for SMEs in Kakamega County.
Facilitating Conditions and Project Performance
Facilitating conditions are the extent to which people feel that the organizational and technical resources are available to enable the use of a technology (Venkatesh et al., 2003). Internet access, ICT infrastructure, technical support, employee training, financial resources, and organizational policies that can support successful technology implementation are some of these. UTAUT suggests that positive facilitating conditions lessen the barriers to implementation and foster ongoing use of the technology.
The research available generally indicates the positive relationship between facilitating conditions and technology adoption. Hossain and Azam (2023) determined that the organizational readiness, technological infrastructure, and environmental support had a significant impact on the adoption of electronic marketplaces by the SMEs in developing countries. Likewise, Pyoko et al. (2023) found that financial inclusion of Kenyan SMEs was improved by the use of digital technologies, reinforced by digital infrastructure and organizational support. The results indicate that digital innovations can be successfully implemented by organizations that have technological resources to support them.
However, recent studies are more and more sceptical of the ability of creating conditions without the support of external facilitators to enhance organizational performance. Tominc et al (2024) state that gains in performance are unlikely to be realised without employee involvement within the organisation's processes, or without them making use of the technologies available in the infrastructure. Similarly, Khan et al. (2024) argue that organizational resources can help open the door to AI adoption but are not enough to bring organizational performance benefits; they must also be accompanied by integration of knowledge and employee capabilities. These arguments put the focus on the use of resources instead of their availability.
It is especially important in the context of SMEs in developing economies. While there is a general availability of basic internet connectivity and digital devices in many enterprises, financial constraints, lack of employee technical proficiency, and technical support are all factors that can limit the effective use of AI (Koros, 2024; Wanzala & Obokoh, 2025). Thus, infrastructure might be one of the necessary conditions for taking up an AI, but it is not enough to bring the project performance up to the desired level.
Literature presents mixed findings with regard to facilitating conditions. Some research reports organizational support as a direct predictor of technology use and effectiveness, and some research reports that it has an indirect effect, which relies on complementing behavioural and organizational capabilities. There is limited empirical evidence that investigates this relationship in an AI-based SME project setting in Kenya. The study, therefore, aims at finding out if the facilitating conditions significantly affect the project performance of the SMEs in Kakamega County.
Research Gap
While there is a considerable body of literature investigating the adoption of technology based on the Unified Theory of Acceptance and Use of Technology (UTAUT), there are a number of important gaps within this stream of research. First, the majority of studies focus on the outcome of behavioural intention or technology acceptance after adopting AI, while few explore actual project performance after the adoption of AI. Thus, it is difficult to find evidence that demonstrates the translation of the constructs of UTAUT to measurable project outcomes.
Secondly, past research has been mainly in developed economies or in big companies with sophisticated digital infrastructure and higher technology maturity. The results of such environments might not translate directly to SMEs in developing economies, where financial limitations, lack of digital skills, and infrastructure issues have varying impacts on technology adoption.
Third, existing studies have mainly concentrated on mobile banking, electronic filing systems, digital transformation, or the use of information technology in general, without specifically addressing Artificial Intelligence in Kenya. Since there is limited research directly focusing on the adoption of AI by SMEs, especially at the county level, there is little to no guidance on how to implement this technology in such companies. Moreover, there is little research that has combined quantitative findings with qualitative understanding to describe how certain UTAUT variables have a different impact on organizational performance.
In the wake of these gaps, the present study sought to investigate the effect of performance expectancy, effort expectancy, social influence, and facilitating conditions on SMEs' project performance in Kakamega County, through a mixed-methods approach, which was based on the Unified Theory of Acceptance and Use of Technology. The study provides empirical evidence that connects AI adoption perceptions with project performance outcomes, while also advancing the theoretical understanding of the field with its direct link between the two.







METHODOLOGY
Study area and research design.
The study used a concurrent mixed methods research design with a quantitative dominant approach to investigate the impact of Artificial Intelligence (AI) adoption on project performance in Small and Medium Enterprises (SMEs) in Kakamega County, Kenya. Structured Likert scale questionnaires were used to gather quantitative data, and open-ended questions were used to gather qualitative data in order to provide contextual explanations for the quantitative data. The study was conducted in Kakamega County, which has a growing SME sector in the service, trade, and manufacturing industries, and a viable environment for the investigation of the use of AI in a growing county economy.
Population, Sample, and Sampling Procedure
The target group included 2,370 registered SMEs in Kakamega County identified by the Kenya Revenue Authority (KRA) and Kakamega County Department of Trade and Industrialization. SMEs were defined based on the KRA definition and included those in the manufacturing, trade, and services sectors. Business owners and project managers were used as respondents due to their decision-making power when it comes to technology adoption and project implementation.
A sample of 342 respondents was obtained by the use of Yamane's (1967) sample size formula. Stratified random sampling was used to ensure the three sectors had a proportional representation of SMEs, before proceeding to simple random sampling to select individual enterprises.
Data Collection Instrument
The questionnaire used for data collection was a structured self-administered instrument based on UTAUT measurement scales validated by researchers. The questionnaire included demographic data, along with items to assess the constructs of Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, and Project Performance on a 5-point Likert scale ranging from 1 (Strongly Disagree) to 5 (Strongly Agree). Open questions were used to elicit respondents' experiences with challenges and impacts of AI adoption, as well as perceived impacts on project performance.
Reliability and Validity
The questionnaire was piloted using 34 SMEs from neighbouring Vihiga County. Cronbach's Alpha was used to determine the internal consistency reliability of the instrument, and a Cronbach's Alpha coefficient of more than 0.70 was accepted. The content validity was achieved by an expert review comprising university supervisors and practitioners with expertise in digital transformation and SME management. Exploratory Factor Analysis (EFA) was also performed as part of the construct validity.

Exploratory Factor Analysis and Composite Mean Scores
To ensure that the questionnaire items loaded into their corresponding UTAUT factors, exploratory factor analyis was done  prior to inferential analysis. The Kaiser-Meyer-Olkin (KMO) statistic and Bartlett's Test of Sphericity were used to determine sampling adequacy. Principal Component Analysis (Varimax rotation) was used, and only those items measuring at least 0.50 on the factors were retained.
After validation, composite mean scores were obtained by averaging the items of the validated questionnaires for each construct. For the reasons stated above, it was decided to use composite means that maintain the original measurement scale, facilitate interpretation of results, minimize the error of measurement that may occur with individual questionnaire items, and yield stable construct-level measures for correlation and multiple regression analysis. The composite means are easily interpretable and allow for straightforward comparison among the UTAUT constructs, whereas factor scores do not.
Data Analysis
SPSS Version 28 was used to analyze the data. Characteristics of the respondents were described by descriptive statistics, and associations among the study variables were analyzed using Pearson correlation analysis. Multiple linear regression analysis was done to identify the effect of the Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), and Facilitating Conditions (FC) on project performance. Results were considered at the 5% level of significance.
The regression model was specified as:
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RESULTS
Respondent Characteristics
Table 1. Respondent Profile (n = 338)
	Characteristic
	Frequency
	Percentage (%)

	Male
	198
	58.6

	Female
	140
	41.4

	18–29 years
	62
	18.3

	30–39 years
	139
	41.1

	40–49 years
	94
	27.8

	50 years and above
	43
	12.8

	Service sector
	131
	38.8

	Trade sector
	115
	34.0

	Manufacturing sector
	92
	27.2


The respondents comprised SME owners and project managers drawn proportionately from the service, trade, and manufacturing sectors, with the majority aged between 30 and 39 years.
Reliability Analysis
Table 2. Reliability Statistics
	Construct
	Cronbach's Alpha

	Performance Expectancy
	0.879

	Effort Expectancy
	0.852

	Social Influence
	0.846

	Facilitating Conditions
	0.831

	Project Performance
	0.887


All constructs exceeded the recommended threshold of 0.70, demonstrating satisfactory internal consistency.
Exploratory Factor Analysis
Table 3. Summary of Factor Analysis Results
	Construct
	Items Retained
	Loading Range

	Performance Expectancy
	5
	0.703–0.864

	Effort Expectancy
	5
	0.684–0.832

	Social Influence
	5
	0.677–0.848

	Facilitating Conditions
	5
	0.641–0.819

	Project Performance
	6
	0.692–0.861


Exploratory Factor Analysis confirmed that all retained items loaded satisfactorily onto their intended constructs, supporting construct validity.
Correlation Analysis
Table 4. Pearson Correlation Matrix
	Variable
	PE
	EE
	SI
	FC
	PP

	Performance Expectancy
	1
	
	
	
	

	Effort Expectancy
	0.574**
	1
	
	
	

	Social Influence
	0.602**
	0.648**
	1
	
	

	Facilitating Conditions
	0.533**
	0.571**
	0.593**
	1
	

	Project Performance
	0.451**
	0.624**
	0.671**
	0.429**
	


p < 0.01
All study variables exhibited positive and statistically significant bivariate relationships with project performance.
Multiple Regression Analysis
Table 5. ANOVA
	Source
	SS
	df
	MS
	F
	p

	Regression
	28.022
	4
	7.005
	78.960
	<0.001

	Residual
	29.544
	333
	0.089
	
	

	Total
	57.566
	337
	
	
	


The regression model was statistically significant, indicating that the UTAUT constructs jointly predicted project performance.
Table 6. Model Summary
	R
	R²
	Adjusted R²
	Std. Error

	0.698
	0.487
	0.481
	0.29786


The model explained 48.7% of the variation in project performance among SMEs.
Table 7. Regression Coefficients
	Predictor
	B
	β
	t
	p

	Constant
	0.772
	
	2.346
	0.020

	Performance Expectancy
	0.049
	0.035
	0.727
	0.468

	Effort Expectancy
	0.312
	0.241
	4.668
	<0.001

	Social Influence
	0.498
	0.406
	6.601
	<0.001

	Facilitating Conditions
	0.024
	0.017
	0.308
	0.758


Effort Expectancy and Social Influence had positive and statistically significant effects on project performance. Performance Expectancy and Facilitating Conditions were positive but statistically insignificant predictors. Social Influence emerged as the strongest predictor of project performance (β = 0.406), followed by Effort Expectancy (β = 0.241). The estimated regression equation was:
Project Performance = 0.772 + 0.049PE + 0.312EE + 0.498SI + 0.024FC + ε
DISCUSSION
The study investigated the effect of the usage of Artificial Intelligence (AI) on project performance of Small and Medium Enterprises (SMEs) in Kakamega County through the Unified Theory of Acceptance and Use of Technology (UTAUT). The findings highlight that the UTAUT constructs do not have equal impacts on project performance. Specifically, the project performance was significantly predicted by Effort Expectancy and Social Influence, while the other two factors, namely, Performance Expectancy and Facilitating Conditions, were not significantly predicted. Qualitative results are incorporated into these statistical relations and give important explanations for those relations.
Performance Expectancy
There was no significant relationship between Performance Expectancy and project performance (β = 0.035, p = 0.468). The discovery indicates that while the SME owners and project managers are aware of the potential benefits of AI, mere awareness is not enough to guarantee improved project results. In the Kakamega SME context, positive perceptions of the usefulness of AI seem to be the standard attitude of many enterprises rather than a criterion for a successful project to be carried out.
This could be due to respondents having a positive attitude toward AI due to growing awareness and exposure of the public and the media, but without actually incorporating AI into their everyday business. However, SMEs understand that AI is beneficial for their planning and decision-making, as well as efficiency and resource utilization. Still, those benefits are yet to be realized due to limited implementation of AI. This is further supported by qualitative results, in which the participants repeatedly pointed to the lack of technical skills as an issue rather than doubts about the value of AI. Another said, "Limited skills and knowledge among staff members is the biggest challenge, as many lack an understanding of AI tools, slowing adoption and causing resistance to change. This means that while knowing that AI can be helpful is not enough, if the employee lacks the skills to put it to use.
The discovery supports the previous UTAUT study that has consistently shown that the Performance Expectancy is a strong predictor of adoption intention of technology (Venkatesh, 2021; Ling, 2025). The present study, however, investigated project performance rather than behavioural intention, as done in past research. There is therefore evidence that the shift from the perceived usefulness of technology to the actual organizational performance is dependent on its successful implementation, and not just on positive attitudes.
Effort Expectancy
The variable of “Effort Expectancy” significantly affected the project performance (β = 0.241, p < 0.001), suggesting that the SMEs' perception of AI technologies as easy to learn, comprehend, and accept into their day-to-day operations has a significant impact on the project performance. This discovery highlights the role of usability in the successful uptake of AI in SMEs with limited resources.
Effort Expectancy is easy to understand, as most of the SMEs do not have much technical expertise or finances. Technologies that need a lot of technical knowledge or complicated implementation processes can prevent effective use, even if they are seen as having lots of benefits. In contrast, easy-to-use AI applications cut back worker resistance, decrease learning curves, boost self-confidence, and promote uniform site usage during project execution.
This is confirmed by the qualitative results, which are very much in favour of this interpretation. Multiple respondents called for ongoing training, and for the use of simpler AI applications, with one respondent stating, “we need more training and clear guidance on using AI effectively,” and another respondent recommending, “AI and digital literacy training.” Responses indicate that SMEs are looking for technologies that are practically applicable and do not need to be technically advanced, with special skills or knowledge.
The results corroborate the UTAUT assumption that ease of use is one of the key factors for the use of technology and align with the findings of Chen et al. (2023), Wu et al. (2024), and Maina (2024), which showed that user-friendliness of AI systems increases employee acceptance and technology use, which has a positive impact on organizational performance.
Social Influence
Social Influence (β = 0.406, p < 0.001) proved to be the strongest determinant of project performance, indicating that the expectations of stakeholders and the institutional environments significantly affect the adoption of AI by SMEs. The study reveals that customers, competitors, professional networks, technology providers, and governmental initiatives influence SMEs' decisions on AI implementation in their organizations, in addition to internal factors.
SMEs operate in a highly interconnected business environment in Kakamega County, where business experience and customer expectations shape management decisions. Once competitors embrace AI or customers become more demanding in providing digital service delivery, SMEs are more willing to adopt AI into project management activities. As a result, external influences are thought to hasten technology use and eventually enhance project performance.
The qualitative results substantiate this. Before their adoption, many respondents sought more awareness programmes, hands-on examples, and partnerships with tech providers. Others stressed the need for Government support and capacity building. The responses suggested that when AI adoption is backed by trusted institutions and industry networks, rather than just internal initiatives of SMEs, it boosts their confidence.
The results align with those of Kwarteng et al. (2023), Waithaka et al. (2022), and Alkilani and Loosemore (2022), who found that stakeholder influence positively affects technology adoption and organizational performance. This evidence is further strengthened by the present study, which shows that Social Influence has direct impacts on project performance, not just on adoption intentions.
Facilitating Conditions
Facilitating Conditions didn't significantly affect project performance (β = 0.017, p = 0.758). While most of the respondents agreed that internet connectivity, ICT infrastructure, and technical resources were available, these were not necessarily enough to ensure better project outcomes.
One possible explanation is that the basic technological infrastructure is relatively ubiquitous among SMEs and thus not a differentiating factor between successful and unsuccessful SMEs. While most businesses have access to the internet and digital devices, these tools don't necessarily mean they're being used to their best advantage. Organizations, on the other hand, need the right skills in employees, commitment from the organization, and its practical implementation in the project management workflow.
The qualitative results well support this explanation. Some of those who replied reported that the internet was available but that employees lacked skills. Despite the availability of digital technologies, one respondent said "lack of skills and knowledge in AI" continued to be the biggest challenge. Another added that "some of the high-end tools require subscription, and they cost money", highlighting that financial and technical challenges to effective AI implementation are still present despite infrastructure availability.
These results suggest that Facilitating Conditions are conditions required but not sufficient for achieving the successful implementation of AI. While infrastructure is a prerequisite for adopting AI, it alone is not enough to guarantee project efficiency, given that it requires supporting organizational talents. The partial explanation may be why the Facilitating Conditions variable was not significant when tested with Effort Expectancy and Social Influence in the regression model.
The results indicate that the effectiveness of AI-based project performance in SMEs is less about positive attitudes towards the usefulness of AI and more about the usability of AI technologies, employees' readiness, and their surrounding stakeholders' environments. The study combines quantitative evidence and qualitative insights to give a more comprehensive understanding of the impact of AI on project performance in county-level SMEs in a resource-constrained environment.

CONCLUSION
The study examined the relationship between AI adoption and project performance of SMEs in Kakamega County, adopting the Unified Theory of Acceptance and Use of Technology (UTAUT). The results showed that the UTAUT model was a significant predictor of variation in project performance, with three items (Effort Expectancy and Social Influence) emerging as significant predictors. In contrast, Performance Expectancy and Facilitating Conditions were not statistically significant.
The study also extends UTAUT to examine project performance beyond technology adoption intentions, thereby contributing to theory. The results highlight the idea that not all the UTAUT constructs are equally effective in enhancing organizational performance. Though SMEs appreciate the benefits of AI and have access to the most basic technological setups, these alone are not enough to ensure better project execution. Rather, technologies that are simple to use and have influential supporters are more likely to deliver measurable improvements in the performance of the project.
The study highlights that the success of AI implementation goes beyond technology investment, offering valuable insights for managers. Employee capability building, user-friendly AI applications, and stakeholder engagement strategies aiming for organizational acceptance and long-term technology use should be the focus of SME managers. The qualitative results also show that while there is increasing awareness of the benefits of AI, the limited skills in the AI area, the implementation costs, and the lack of training remain limitations on AI use.
In general, the study offers empirical proof that leveraging AI for project success within SMEs relies significantly on behavioural acceptance and readiness for organizations, more so than on technology availability alone. The results offer valuable insights for SME managers, policy makers, educators, and technology providers to accelerate the use of AI in developing economies.
PRACTICAL IMPLICATIONS
The results are relevant to policy and practice in several ways.
In the case of SMEs, managers should place more emphasis on building their employees' AI skills than on the development of the technological infrastructure. To support any initiative for AI use, it is essential to have regular AI literacy programmes and practical training.
The Government of Kenya and the County Government of Kakamega should promote policies that focus on the low cost of AI adoption, by providing financial incentives, subsidised digital infrastructure, and also county-based digital transformation programmes, which will focus on SMEs. There is a need to specifically focus on awareness creation for enterprises in the rural and semi-urban areas, where the uptake of AI is comparatively lower.
Technology providers need to develop cost-effective, easy-to-use AI solutions for SMEs. The price for the subscription should be negotiable, and implementation packages should be provided to include training, technical support, and localized user manuals for easy implementation.
The entrepreneurship and business management programmes should include the practical implementation of AI applications in TVET institutions. Microlearning programs that are short and course-specific, centered on project management with the use of AI, would help prepare workers for the digital transformation.
Research collaborations, innovation hubs, and AI outreach initiatives at universities need to be enhanced with SMEs to show real-world applications of new technologies in the business world. These connections would facilitate the sharing of knowledge and enhance the uptake of AI in local businesses.
LIMITATIONS
Some caveats need to be noted in the interpretation of the results: First, the cross-sectional design obtained the perception of the respondents at one point in time, which made it difficult to make causal conclusions and to analyze the changes in AI adoption over time. Secondly, the study was restricted to SMEs in Kakamega County, and the results may not be transferable to other counties or countries where economic and technological conditions may vary. Third, the study was based almost exclusively on self-reported data and thus was subject to the potential for social desirability bias and subjectivity in the perceptions of respondents, despite the efforts to anonymize and keep the data confidential.
FUTURE RESEARCH
Longitudinal research designs are recommended for future studies to explore how AI adoption impacts the performance of projects over time across various phases of digital transformation for SMEs. Comparative studies on SMEs across several counties/ regions would allow for comparisons to increase the generalizability of results and detect contextual variations that would impact AI implementation. Additionally, moderating and mediating factors like organizational culture, digital leadership, innovation capability, employee digital competence, and AI maturity should be explored in future research to deepen understanding of the impact of AI adoption on organizational performance. Lastly, sector-specific studies might find that the results of adopting AI vary from services to manufacturing SMEs in terms of performance.
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