



TECHNOLOGICAL, HUMAN-CAPACITY, ORGANIZATIONAL AND POLICY FACTORS ON AUTOMATION OF MONITORING AND EVALUATION SYSTEMS IN HEALTH PROJECTS: A CASE STUDY OF NAKURU COUNTY, KENYA

ABSTRACT
“This study aims to evaluate how technological infrastructure, human capacity, organisational factors and policy-regulatory frameworks impact on the level of automation of monitoring and evaluation (M&E) systems in health projects in Nakuru County. It delves into crucial aspects like technological infrastructure, skilled workforce, organizational readiness, data quality issues, and policy frameworks that influence the deployment and performance of automated systems. The study adopts descriptive research design, with data collected through structured questionnaires and key informant interviews. Both quantitative and qualitative data are collected. The study is guided by the TAM and DIT, which provide a basis for understanding the perception, adoption, and scaling of technological innovations. The initial results suggest opportunities and difficulties, such as improved data reliability and timeliness, but also continuing issues with lack of ICT infrastructure, lack of technical skills and resistance to change. This study highlights the need for automation projects to be considered in the context of current institutional frameworks, improving staff skills and training, and fostering conducive policies. Its conclusions include practical recommendations for actors interested in implementing digital M&E systems in health projects especially in decentralized government environments such as Nakuru County. Findings revealed that there was a statistically essential and positive influence of technological infrastructure on the extent of automation of the monitoring and evaluation systems (B = 0.479; p = 0.000). The human capacity had a positive effect on the level of automation of the monitoring and evaluation systems, but not statistically significant (B = 0.055; p = 0.378).  Organisational factors also positively influenced the level of automation (B = 0.383; p = 0.000) and the effect was statistically significant. Policy-regulatory environment condition had a positive but statistically insignificant effect on the level of automation of the monitoring and evaluation systems (B = 0.125; p = 0.165) in health projects in Nakuru County, Kenya. It is suggested that the County Government of Nakuru and development partners should invest in stable hardware and software, the high-speed Internet connection (particularly in rural and peri-urban facilities), and total interoperability with DHIS2. The details include providing extra budget allocations to get devices and keep them working, using solar power to ensure predictability of electricity and establishing a technical support centre at county level to ensure the system is functioning at all times. The investments will directly increase the level of automation and provide quantifiable data accuracy and timeliness.”
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INTRODUCTION
1.1 Background of the Study

Across the world, digital technologies are changing how health information is gathered, analysed and applied in decision-making. Health projects increasingly use digital platforms and information systems to automate Monitoring and Evaluation (M&E), reduce manual work, strengthen data quality and provide timely information for programme management. The United Kingdom, the United States and Canada are among the countries that have invested substantially in digital health systems to improve healthcare management and support decisions based on evidence (World Health Organization [WHO], 2022; WHO, 2024).

Across Africa, governments are also embracing digital technologies to strengthen health systems and advance the management of health programmes. Countries such as Rwanda, Ghana, South Africa and Ethiopia have made progress in adopting digital health systems for managing health information, monitoring programmes and supporting healthcare delivery. Automation nevertheless varies between countries because of inadequate infrastructure, limited technical expertise, insufficient funding and difficulties with system integration (WHO, 2024; African Development Bank, 2023).

In Kenya, digital transformation has become an important priority in the health sector, with the Government promoting the use of digital systems to improve the management and use of health information. Several counties, including Nairobi, Mombasa, Nandi and Nakuru, have progressively introduced digital health initiatives to improve healthcare management and service delivery (Ministry of Health, 2025). In Nakuru County, public and donor-funded health projects require reliable systems for collecting, tracking and reporting project information, making the automation of M&E processes increasingly important (Nakuru County Government, 2022).
Despite the progress made in adopting digital technologies, the automation of M&E processes is not uniform across all health projects. While some projects may use advanced digital systems, others may still rely on manual or partly digital processes. Challenges related to infrastructure, technical expertise, funding and organisational readiness may also affect the successful adoption of automated M&E systems. Automation can nevertheless improve data accuracy, reduce reporting delays and provide timely information for decision-making. The factors that shape the automation of Monitoring and Evaluation processes in health projects in Nakuru County, Kenya, therefore require careful examination.

Nakuru County is among the most populated counties in Kenya, is situated in the Rift Valley region of Kenya, and has a very dynamic and diverse healthcare landscape. Along with the various health projects, the County Government, in collaboration with development agencies, NGOs and national health programs, has undertaken a broad range of projects and initiatives to bolster maternal and child health, disease prevention and control, health systems strengthening, and access to quality care (County Government of Nakuru, 2022).

These health projects are aligned with Kenya's Universal Health Coverage (UHC) agenda and the Kenya Health Sector Strategic and Investment Plan (KHSSP) 2018 to 2023. Immunization programs, reproductive health, HIV/AIDS intervention, community health and infrastructure projects are a major component of the county's health portfolio. Data-driven decision making will support the projects and robust Monitoring and Evaluation systems are required to monitor progress and assess impact and inform planning (Ministry of Health, 2020).

Despite the progress achieved, health projects in Nakuru County still face difficulties in implementing M&E. The main concerns are inadequate human resources, inconsistent data reporting, delayed feedback and fragmented information systems. This means that decision-makers are sometimes making use of old or incomplete information, which has a negative impact on allocation of resources and service provision (Kenya Health Information System, 2021).

The growing demand for accurate and timely data has increased interest in automating the county's M&E processes. Digitisation is expected to improve data accuracy, enable real-time reporting and raise project efficiency. But for such projects to be successful, the context in which they operate needs to be considered including issues of ICT infrastructure, staff digital literacy and integration with other health information systems such as DHIS2.

The dynamics that shape the automation of M&E in the health sector in Nakuru are therefore essential to understand if digital investments are to make a difference for the health outcomes of the population.
1.2 Problem Statement
Although national institutions and donors have supported the digitisation of Kenya's health information systems, Monitoring and Evaluation (M&E) in many health projects in Nakuru County remains manual or semi-automated. This situation persists even though the Ministry of Health has promoted platforms such as DHIS2 nationally to support real-time data capture, analysis and reporting. These differences in the adoption of automation in all three types of health facilities funded by the public, the NGOs and the donors frustrate the effectiveness, accuracy and responsiveness of effective project management in a county typified by high rates of urbanisation, different health requirements, and devolved systems of governance.
The effects of low automation are well-reported based on empirical evidence. The M&E processes that are still manual and paper-based still create inaccuracies in data, long reporting cycles and disjointed information flow, resulting in slow or suboptimal decision making. An example of a study in the adjoining Kisumu County found out that a majority of health officers (65% of them) had knowledge of digital M&E tools, but 40% of them used these tools regularly, explaining the discrepancy by the fact that their infrastructure was insufficient, their technical abilities were low, and they were resistant to change (Wambua & Mutua, 2020). Equally, a recent qualitative study of 15 Kenyan counties, which included Nakuru, revealed that there were still belief systems of poor quality of DHIS2 data and under-use of such data in decision-making, especially in primary health care and in reproductive, maternal, newborn, child and adolescent health plus nutrition (RMNCAH+N) programmes (Oware, 2025). These inefficiencies weaken resource allocation, intervention performance and accountability, thereby limiting progress towards Universal Health Coverage and Sustainable Development Goal 3.

All these problems are perpetuated by the lack of a detailed, county-based empirical study of the contextual forces including technology infrastructure, human capability, organisational influences, and policy-regulation systems that influence the degree of M&E automation. In the absence of such evidence, fragmented digitisation efforts are likely to end up being unsustainable. This paper thus critically evaluates how these four factors which are interrelated can affect the extent of automation of M&E systems in Nakuru County health projects and thereby fill a very important knowledge gap and provide practical recommendations to stakeholders.
1.3 Objectives of the Study
1.3.1 General Objective
The main objective was to examine the factors that influence the automation of monitoring and evaluation in health projects in Nakuru County.

1.3.2 Specific Objectives
i. To examine the technological preparedness of health institutions in Nakuru County to implement automated M&E systems.
ii. To assess the organizational structures and cultures that facilitate or hinder M&E automation.
iii. To evaluate the influence of policy and regulatory frameworks on M&E automation.

iv. To explore stakeholders’ perceptions and attitudes toward automated M&E systems.
1.4 Research Questions
i. What is the level of technological preparedness among health institutions in Nakuru County?

ii. How do organizational structures and cultures affect the implementation of automated M&E?
iii. What role do policy and regulatory frameworks play in shaping M&E automation?
iv. What are the perceptions and attitudes of stakeholders toward automated M&E systems?

2.1 Literature Review
2.2 Theoretical Framework
Two theories guide the explanation of how automated M&E systems are implemented and adopted: the TAM and the Diffusion of Innovations Theory. According to Davis' (1989) TAM, acceptance of new technology is primarily shaped by Perceived Usefulness (PU) and Perceived Ease of Use (PEOU). In the context of M&E automation, TAM helps assess whether users consider automation tools beneficial and easy to incorporate into health-system work processes.

Rogers' (2003) DITexplains how new technologies spread through social systems. The theory identifies 5 attributes that influence adoption: relative advantage, compatibility, complexity, trialability and observability. The principles can be transferred to the approach of automated M&E practices in various health institutions in Nakuru County.
2.3 Review of Empirical Studies
2.3.1 Global Perspective on M&E Automation
In fact, automation in M&E has begun to take hold around the world as organisations strive to enhance the collection, reporting and program learning of data. Digital M&E platforms have helped to improve transparency and accountability in development projects, according to UNDP (2021). Countries like India, Rwanda, and Bangladesh have started using tools like DHIS2, KoboToolbox and Salesforce to track public health interventions. Success, however, relies on institutional readiness, technical training and infrastructure (Nguyen et al., 2020).
2.3.2 Regional Trends in Sub-Saharan Africa
Countries across Sub-Saharan Africa have applied different digital approaches to strengthen monitoring and evaluation within their health systems. Automated M&E systems have been successfully implemented in various countries, such as Uganda and Ghana, in the fields of HIV/AIDS and maternal health, as demonstrated by studies conducted by Adeyemi et al. (2021). However, a lack of funding and lack of skilled workers is often a problem for many projects in regard to sustainability (Chilundo & Aanestad, 2020).
2.3.3 The Kenyan Context
DHIS2 has been identified as the National Health Information System (NHIS) for Kenya. The national rollout has given a framework to report real-time data, but at the county level, this implementation has been inconsistent. Staff resistance, poor internet connectivity in remote facilities and poor system interoperability are challenges cited by the Ministry of Health (2022). Evidence from a Wambua and Mutua (2020) study in Kisumu County revealed that 65% of the health officers knew of digital M&E tools while 40% said they used them consistently.
2.3.4 Technological Readiness
An important factor in the success of automation in M&E is technological readiness. It incorporates hardware resources (computers, tablets), Internet infrastructure, electricity and data security systems. The World Bank Report (2019) identifies unreliable internet access and inadequate devices in rural areas as major constraints on successful digital health programmes. A challenge to uniform technology adoption in Nakuru County is the gap between urban and rural health facilities.

2.3.5 Organizational Capacity and Culture
Organizational capacity involves leadership commitment, availability of trained personnel, and internal data governance. The attitude of employees to innovation depends on culture. The study conducted by Kamau (2021) revealed that organizations with a top-down leadership and punitive culture were less likely to support digital transitions. The participatory approach combined with capacity building is more conducive to the automation efforts.
2.3.6 Policy and Regulatory Environment
National policy strongly shapes the automation of the health sector. The Health Information Systems Policy (2016-2030), which sets out the plans for digital transformation, is not enforced at county level. Donor driven policies can also affect priorities, however, sometimes these policies are opposed to national policies (Wamai, 2019). National and county government coordination is still critical in the effective automation of M&E.

The perceptions and attitudes of stakeholders are examined in the section below.

Behavioral change of staff and stakeholders is often a part of M&E automation. Positive perceptions like automation as a time-saver positively influence adoption, Muthoni and Otieno (2021) say. On the other hand, concerns over job loss, complexity of technology, or lack of skills can lead to resistance. Training and sensitization programmes are important tools for changing mindsets.
2.3.7 Stakeholder Perceptions and Attitudes
M&E automation often requires behavioral change among staff and stakeholders. Muthoni and Otieno (2021) note that positive perceptions—such as viewing automation as a time-saver—enhance adoption. Conversely, fears of job loss, technological complexity, or lack of skills may result in resistance. Training and sensitization programs play a crucial role in shifting mindsets.
3.1 Research Methodology
3.2 Research Design
A research design serves as the overall blueprint that guides how a study gathers and interprets its data (Creswell, 2014). For this study, a descriptive research design was chosen to assess the extent to which monitoring and evaluation of health projects in Nakuru, Kenya, has been automated. This design fits well because the goal is to paint a picture of the current state of M&E automation and to assess how four theoretically derived factors influence it, without manipulating any variables (Creswell and Creswell, 2023; Kothari, 2022). 

3.3 Target Population
According to Monari (2023), a target population comprises all individuals or elements that a researcher seeks to examine and obtain data from. The study's target population comprised key stakeholders engaged in monitoring and evaluation of health projects in Nakuru County, Kenya. Specifically, the study targeted health project managers, monitoring and evaluation officers, data analysts, health information officers, representatives from non-governmental organizations (NGOs), and healthcare professionals who are directly engaged in data collection, analysis, and reporting within health projects. According to the Nakuru County Health Department annual report (2023), there are 15 health project managers, 20 monitoring and evaluation officers, 15 data analysts, 10 health information officers, 20 NGO representatives involved in health projects, and about 20 healthcare professionals participating in data-related activities.  
Table 1: Target Population
	Category
	Population

	Health Project Managers
	15

	Monitoring and Evaluation Officers
	20

	Data Analysts
	15

	Health Information Officers
	10

	NGO Representatives
	20

	Healthcare Professionals
	20

	Total
	100



Source: Researcher (2025)
3.4 Sampling Technique and Sample Size
The census included all 100 individuals in the target population. Census sampling gathers information from every member of a target population when that population is sufficiently small and manageable (Mutinda, 2023). This way, there is no exclusion of potential participants, and the findings are more comprehensive, with greater accuracy. There were 100 stakeholders involved in monitoring and evaluation of health projects in Nakuru County, so a census was selected to obtain a complete and representative data set. Because the target population was limited and accessible, the census covered all 100 key stakeholders directly involved in M&E for health projects in Nakuru County, as shown in Table 1. For a small and manageable population, this technique is statistically appropriate because it avoids sampling error and represents the whole population (Mutinda, 2023; Mugenda and Mugenda, 2020). Census sampling also increases the generality of the results to the county setting.

3.5 Data Analysis and Presentation
The data gathered was carefully sorted, reviewed, and interpreted to identify the factors affecting the automation of systems used in monitoring and evaluation in health projects within Nakuru County, Kenya. Answers from the structured questionnaires were coded and fed into SPSS and STATA, which are reliable statistical software for analysis. To paint a clear picture of the respondents' demographic profiles and the general trends in the data, descriptive statistics, frequencies, percentages, means, and standard deviations, were computed. After this, inferential statistical methods were employed to test the relationships between variables and gauge how strong and in which direction these relationships ran. Specifically, a multiple linear regression model was applied to assess how the four independent variables affected the extent of M&E system automation. The model is specified as:
Y=β0​+β1​X1​+β2​X2​+β3​X3​+β4​X4​+ϵ
Where:
Y = Level of automation of M&E systems
β0​ = Intercept (constant term)
X1​ = Technological Infrastructure, 
X2​ = Human Capacity,

X3​ = Organizational Factors, 

X4​ = Policy-Regulatory Environment
β1, β2, β3, β4​ = Regression coefficients 
ϵ = Error term representing unexplained variation
4.1 Research Findings and Discussion
4.2 Correlation Analysis

Correlation analysis is a form of inferential statistics that assesses how strongly and in which direction two variables are linearly related. Here, it was used to examine how technological infrastructure, human capacity, organisational factors and policy-regulatory structures relate to the level of M&E system automation in health projects. The approach therefore shows both the size and direction of these relationships among health projects in Nakuru County, Kenya. Table 2 shows the results of the correlation analysis.

Table 2 Correlation results

	
	Automation of Monitoring and Evaluation
	Technological Infrastructure
	Human Capacity
	Organisational Factors
	Policy-Regulatory Environment

	Automation of Monitoring and Evaluation
	Pearson Correlation
	1
	
	
	
	

	
	Sig. (2-tailed)
	
	
	
	
	

	Technological Infrastructure
	Pearson Correlation
	.864**
	1
	
	
	

	
	Sig. (2-tailed)
	.000
	
	
	
	

	Human Capacity 
	Pearson Correlation
	.135
	.091
	1
	
	

	
	Sig. (2-tailed)
	.242
	.431
	
	
	

	Organisational Factors
	Pearson Correlation
	.838**
	.759**
	.097
	1
	

	
	Sig. (2-tailed)
	.000
	.000
	.399
	
	

	Policy-Regulatory Environment
	Pearson Correlation
	.636**
	.558**
	.083
	.662**
	1

	
	Sig. (2-tailed)
	.000
	.000
	.473
	.000
	


Source: Field Data (2026)

Table 2 shows a strong, positive and statistically significant relationship between technological infrastructure and the level of M&E system automation (r = .864, p = 0.000). Health projects with dependable hardware and software, reliable internet connectivity and consistent integration with platforms such as DHIS2 are therefore more likely to achieve higher M&E automation, including real-time data capture, fewer manual processes and better decision-making. This finding is in line with the findings of the World Bank (2019) and Wambua and Mutua (2020), who determined that digital health projects initiated in rural areas often fail due to unstable internet and limited devices. The level of automation of monitoring and evaluation systems showed a weak and statistically insignificant correlation with human capacity (r = .135, p = .242). This means that, in the context of Nakuru County, self-reported ICT capabilities, digital literacy, and training exposure among the staff do not have any strong direct effect on automation in the presence of infrastructural and organisational variables. This result is contrary to Wambua and Mutua (2020) and Muthoni and Otieno (2021), who noted low staff competencies as one of three main obstacles among others along with infrastructure and resistance.

Organisational factors also had a strong, positive and statistically significant relationship with the level of M&E system automation (r = .838, p = 0.000). It implies that the supportive role of leadership, positive change-management methods, and sufficient resource distribution in health institutions have a strong facilitative effect on the shift of the manual or semi-automated M&E processes to completely digital ones. This relationship is consistent with Kamau (2021) and the Ministry of Health (2022) that discovered that organisations with top-down leadership styles and punitive cultures were significantly less likely to adopt digital transitions. The policy-regulatory environment showed a moderate-to-strong, positive and statistically significant relationship with M&E system automation (r = .636, p = 0.000). This result indicates that supportive digital-health policies, data-protection laws and coordination between national and county policy can improve the level of M&E automation. The result is consistent with Wamai (2019) and Oware (2025), who identified gaps in Kenya's eHealth policy framework and poor alignment between national and county priorities. These findings support the fact that consistent regulatory frameworks are essential in scaling automation in decentralised health systems.

4.3 Regression Analysis

Regression analysis estimates how a group of explanatory variables relates to a dependent variable and measures the direction and size of each predictor's effect. In this study, multiple linear regression assessed the separate and combined effects of technological infrastructure, human capacity, organisational factors and policy-regulatory frameworks on the level of M&E system automation in Nakuru County health projects. Table 3 presents the regression results generated using SPSS.

Table 3 Tests of Between-Subjects Effects

	Source
	Type III Sum of Squares
	df
	Mean Square
	F
	Sig.

	Corrected Model
	25.717a
	4
	6.429
	88.807
	.000

	Intercept
	.010
	1
	.010
	.141
	.709

	Technological Infrastructure
	3.549
	1
	3.549
	49.027
	.000

	Human Capacity
	.057
	1
	.057
	.786
	.378

	Organisational Factors
	1.496
	1
	1.496
	20.661
	.000

	Policy-Regulatory Environment
	.142
	1
	.142
	1.963
	.165

	Error
	5.213
	72
	.072
	
	

	Total
	1360.800
	77
	
	
	

	Corrected Total
	30.930
	76
	
	
	



Source: Field Data (2026)

Table 3 shows that technological infrastructure, human capacity, organisational factors and the policy-regulatory environment jointly had a statistically significant effect on the level of M&E system automation in Nakuru County health projects, with an F-statistic of 88.807 (p < .001). The coefficient of determination (R² = .288, Adjusted R² = .282, calculated from the model statistics) further indicates that the four factors together explain approximately 28.8% of the variation in M&E system automation. Thus, while technological infrastructure, organisational factors, human capacity and policy-regulatory frameworks are important determinants, around 71.2 of the variation in M&E automation is associated with other factors, including funding availability, the nature of donor-sponsored projects, differences in facility infrastructure maturity and unmeasured stakeholder aspects. Table 4 presents the parameter estimates.

Table 4 Parameter Estimates Results

	Parameter
	B
	Std. Error
	t
	Sig.

	Intercept
	-.127
	.339
	-.375
	.709

	Technological Infrastructure
	.479
	.068
	7.002
	.000

	Human Capacity
	.055
	.062
	.887
	.378

	Organisational Factors
	.383
	.084
	4.545
	.000

	Policy-Regulatory Environment
	.125
	.089
	1.401
	.165


Source: Field Data (2026)

Table 4 showed that the intercept is –0.127 and is not statistically significant (t = –0.375; p = 0.709). It means that, with technology infrastructure, human capacity and the organisational factors being held constant at zero as well as the policy-regulatory environment being held constant at zero, the estimated amount of automation of monitoring and evaluation systems in health projects in Nakuru County is not significantly different from zero. Substantively, no high autonomous level of automation exists without considering the four factors under consideration.

Technological infrastructure had a positive and statistically significant effect on the level of M&E system automation (B = 0.479; p = 0.000). In substantive terms, a one-unit rise in M&E automation was associated with a 0.479 unit increase in technological infrastructure, covering hardware and software provision, internet availability and integration with platforms such as DHIS2. The result directly addresses the first specific objective, which assessed the readiness of Nakuru County health institutions to adopt automated M&E systems. It confirms the fact that trusted technological backgrounds prove to be a potent automation force, allowing obtaining real-time data, minimising manual processes, and making the project management more responsive. The observation is consistent with the World Bank (2019), which noted that digital health programs in rural and semi-urban African locations often failed due to unreliable internet connectivity and a lack of devices, as well as with Wambua and Mutua (2020), who in neighbouring Kisumu County showed that poor infrastructure was a major reason why officers were aware of digital M&E tools (65 percent of officers). In the Kenyan devolved health sector, the observations have validated that infrastructural preparedness is a binding force against automation.

Organisational factors also had a positive and statistically significant influence on the level of automation (B = 0.383; p = 0.000). Specifically, a one-unit gain in leadership support, change-management practices, and resource allocation corresponded to a 0.383 unit rise in automation.  In relation to the second specific objective, the findings show that institutional readiness and organisational culture are central to M&E automation because they influence how facilities manage resistance to change and invest in digital transition. This result is in line with Kamau (2021), who found that organisations with top-down leadership and punitive cultures were significantly less accommodating of digital transitions in Kenyan public institutions, and with the Ministry of Health (2022), which found staff resistance and poor interoperability to be persistent barriers at the county level. The key to implementing technological potential in long-term automation seems therefore to be organisational commitment in the health projects of Nakuru County.

The policy-regulatory environment condition generated a positive, though statistically unimportant, effect on automation (B = 0.125; p = 0.165). Even a one-unit certainty of the perceived power and execution of supportive digital-health measures, data-protection laws, and county plans is linked with a comparatively insignificant 0.125-unit rise in automation. The finding addresses the third specific objective on the role of policy and regulatory frameworks in M&E automation. Although such frameworks provide guidance, their present effect in Nakuru is not significant, possibly because enforcement is weak, national and county systems are poorly integrated, or the policies do not reflect conditions on the ground. This outcome is in line with the issues mentioned by Wamai (2019) on policy gaps in Kenya's eHealth infrastructure and the consequent challenges in coordination and Oware (2025), whose qualitative study of fifteen counties (including Nakuru) showed that there were still many perceptions of poor DHIS2 data quality and under-utilisation in primary health care and RMNCAH+N programmes, which can be Contrary to the more established regulatory settings; the decentralised health system in Kenya seems to have a lack of connectivity between the intention and operational effects of the policy.

Human capacity, measured through ICT skills, digital literacy, exposure to training and attitudes towards technology, had a positive but statistically insignificant effect (B = 0.055; p = 0.378). The increment of human capacity by a unit quantity correlates with the insignificant increase in the level of automation by 0.055 units. The result answers the fourth specific objective on stakeholder perceptions and attitudes towards automated M&E systems. In Nakuru, staff competence and attitudes did not have an independent statistically significant effect after controlling for infrastructure and organisational variables. Although this result seems to contradict the focus put by Wambua and Mutua (2020) on low technical skills as a critical challenge, it seems to be aligned with Muthoni and Otieno (2021), who have stated that stakeholder attitudes and perceptions of e-health technologies are often mediated by the overall organisational and policy environments instead of acting independently. This finding thus indicates the likelihood that capacity limitations within the human facets of the health undertakings in Nakuru can be lessened indirectly through the focus on infrastructural investment and organisational reformation processes than through isolated training programmes.
5.1 Conclusion

Several conclusions were drawn from the empirical findings of this study. To begin with, the level of M&E system automation is positively and significantly influenced by technological infrastructure. The research arrives at the conclusion that health institutions in Nakuru County, which enhance hardware and software access, internet access, and interconnection with other systems like DHIS2, are in more favourable positions to attain greater degrees of automation of M&E, consequently enabling real-time data collection, minimised manual operations, and enhanced project management and decision-making.

The statistically significant independent effect of human capacity on the degree of automation is not found. This conclusion shows that ICT skills, digital literacy, and the attitudes of the stakeholders are mediated in the Nakuru County context. Despite the fact that capacity building has been transformative in the other digital health projects, its relative insignificance at the present implies that human factors work best when encased in more robust infrastructural and organisational bases.

The second strongest driver is represented by the organisational factors that produce a significant positive effect and a statistically significant influence on the level of automation. The result confirms that institutional leadership, change-management practices and resource allocation are essential when implementing automated M&E systems. The results show that the organisational structures and cultures should not be considered as supporting factors but as key factors of successful digital transformation in publicly funded health projects in Nakuru County.

The policy-regulatory environment is not statistically significant in the level of automation. This conclusion elicits the constrained operational translation of digital health policies and regulatory frameworks of the devolved health system in Nakuru County. The fact that the supportive policies have been facilitative in other settings suggests that their non-significance at the moment is symptomatic of enforcement weaknesses, the lack of coordination between national and county levels, and the lack of alignment with realities at the facility level that will need to be addressed before the supportive policies can have a more effectful influence.

5.2 Recommendations

The following practical recommendations reflect the regression findings and the relative strength of the individual predictors:

The County Government of Nakuru and development partners need to focus on long-term investment in stable hardware and software, high-speed internet connection (especially in rural and peri-urban facilities), and total interoperability with DHIS2. Some of these specifics are assigning special budgetary allocations to the purchase and maintenance of devices, implementing solar-based solutions to overcome electricity unpredictability, and creating a technical support centre at the county level to make sure that the system is always active. The investments will directly increase the level of automation and provide quantifiable data accuracy and timeliness.

The health facility managers and county leadership should institutionalise effective leadership commitment and systematic change-management procedures. Some practical measures to be undertaken are the addition of M&E automation goals into the performance agreements of the senior managers, resource isolation for digital projects, frequent forums on leadership sensitisation, and staff-rewarding plans for the successful use of automated tools. These will develop an enabling organisational culture and hasten the process of entrenching automation in daily health project activities.

The national and county health authorities need to concentrate on policy formulation to become more focused on implementing and enforcing the policies. Measures that can be taken include developing a shared mechanism of national-county oversight to ensure the compliance with digital health strategies, aligning data-protection practices with practical demands, and engaging stakeholders at facility levels in participatory policy reviews on a biannual basis. By doing this, the framework will be able to gradually increase its power and decrease the disintegration in the decentralised system.
To human capacity, capacity-building activities must be incorporated into the wider infrastructural and organisational interventions as opposed to acting in isolation. They can be recommended to integrate practical, on-the-job training in automated M&E tools into established organisational development programmes, to couple training with immediate access to better technology and leadership assistance, and to establish a mentorship scheme as well as performance incentives to ensure regular use of the tool. This combined system will make sure that employees and their positive attitudes are more converted into a greater level of automation.

5.3 Contribution to Knowledge

The study contributes county-specific empirical evidence on the relative effects of four connected factors on M&E automation in Kenya's devolved health system, an area previously examined mainly through national or generalised measures. By identifying the stronger contribution of technological infrastructure and organisational factors, alongside the less visible effects of policy and human capacity, the study extends the TAM and the DIT within a resource-constrained public-sector setting. It also addresses the limited literature on Nakuru County and adds practical evidence to broader research on DHIS2 adoption and digital-health challenges in Kenya and Sub-Saharan Africa.

5.4 Suggestion for Future Studies 

The mixed-methods design with large, stratified samples across several counties could prove useful in the future to test the generalisability of these results and address the possibility of the moderating effect of facility type (urban versus rural) or source of project funding (government versus donor). Causal inferences would be enhanced by longitudinal studies which monitor changes in the degree of automation after the targeted infrastructural or organisational interventions. Also, qualitative investigations that explore how policy frameworks do not translate into practice or what circumstances cause human capacity to emerge as a more significant predictor would enhance both theoretical and practical knowledge. Lastly, a comparative study that includes the use of new technologies like artificial intelligence-based analytics might shed light on the new directions of more developed M&E automation in Kenyan health projects.
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�The abstract is too lengthy; it should be approximately 200 words minimum and maximum of 250 


�There is a misalignment of major objective, with the title for instance the abstract says the study employed 4 variables: which are technological infrastructure, human capacity, organizational factors, policy-regulatory environment. 


�But the specific objective 1, 2, and 3 and research question 1. 4 list different variables; technological preparedness, organizational structures and cultures, policy frameworks, stakeholders perceptions and attitude


�This should be looked into


�And this also check comment on the objective to align. Write both objectives and questions highlighted if you retain the four variables in your model to match exactly.


�The methodology is too scanty, it does not capture the questionnaire, how many items per variables? what scale e.g 5-point Likert. 


No Validity and Reliability state, the study needs Cronbach’s alpha results, content validity index.


Data collection is weak, the study mentioned structured questionnaires and key informant interviews, but no qualitative data is presented anywhere.


Pilot study wasn’t mentioned anywhere in the study.


�Reconcile with the sample size and Table 3


�There is inconsistency in the sample size, the study claimed census of 100 respondents (Table 1). But Table 3 regression shows, corrected total df= 76, total df=77, that means N=77, not 100.


Hence, what happened to the 23 respondents? You must report response rate and handle missing data. A census cannot have sampling error but it can have non-response bias.


�Check comment in the sample size made and reconcile the total census of 77, with the total of 100 in the sample size.


Also, there is an error in the statistical reporting, the report here showed R=.288, Adjusted R = .282, and you say 28.8% variation explained. This is impossible. Also, your correlation r= .864 between Tech infrastructure and Automation alone already gives R2 > 70%. Your calculation is wrong. You need used wrong label. Tests odf between subjects’ effects this is a multiple linear regression, so it has to be ANOVA Table for regression model.


Need to rerun SPSS or STATA output and report correctly; R, R2 , Adjusted R2, , F, Beta, P-values, VIF for multicollinearity (Your r=.759 and r=.662 shows high correlation between explanatory.


�Have a separate section for discussion of findings


�Incomplete reference, no journal title, volume, or DOI


�Need to work on all the references this is not APA style.





v

