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Abstract

Introduction: Data analytics has the potential to transform maternal health programming by enabling more informed decision-mak-
ing, improving patient outcomes, and optimizing health system operations. Despite these benefits, the adoption of data analytics 
tools remains limited in many settings, including Kenya, which hampers efforts to reduce maternal mortality and enhance service 
delivery. Theoretical frameworks such as the Diffusion of Innovation (DOI) and the Technology Acceptance Model (TAM) shed light 
on the factors influencing technology adoption, including perceived usefulness, ease of use, relative advantage, and complexity. 
However, little is known about how individual determinants affect healthcare providers’ willingness to adopt data analytics within 
maternal health programs. Therefore, this study aims to examine the personal characteristics that influence the adoption of data 
analytics for maternal programming in Kenya.

Methods: This quantitative study used the Diffusion of Innovation and Technology Acceptance Models to explore factors influencing 
data analytics adoption in maternal health in Kenya. The research involved healthcare providers and managers from Kericho and 
Vihiga Counties, selected based on health coverage and maternal mortality rates. Data was collected through pre-tested question-
naires, with reliability ensured through pilot testing and statistical validation. Data analysis involved descriptive statistics and ad-
vanced tools like R and Power BI, with ethical approval obtained from relevant authorities and informed consent from participants.

Findings: The findings show that individual demographic factors significantly influence the adoption of data analytics in maternal 
health programs. Education level, years of experience, age, gender, and professional cadre all showed notable differences in adop-
tion rates, with higher education, greater experience, and senior roles being associated with increased engagement. Specifically, 
education and years of service had the strongest impact, while gender and age showed less consistent effects. Statistical analyses 
confirmed that more educated, experienced, and senior cadre health managers are more likely to adopt data analytics, highlighting 
the importance of targeted capacity-building and training across demographic groups to enhance data utilization in maternal health 
initiatives.
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Conclusion: The study findings highlight the need for targeted training to improve data analytics adoption. Additionally, tailored 
interventions addressing education, gender and years of experience are essential for strengthening data-driven decision-making 
and improving maternal health outcomes.

Keywords: Data analytics, Maternal health, Adoption, Diffusion of Innovation, Technology Acceptance Model, Education, Gender, 
Experience

Introduction
Data analytics in healthcare is the systematic analysis of health 

data to improve patient care, optimize operational processes and 
inform strategic decisions [1]. It goes beyond simply collecting in-
formation and involves the interpretation of complex datasets to 
reveal insights that can lead to more efficient, effective and person-
alized care. Data analytics in maternal health programming is em-
ployed at various levels including foundational, descriptive, diag-
nostic, predictive, prescriptive, and cognitive, each representing a 
progressive level of data utilizations [2]. It has become increasingly 
important with new tools and technology emerging to capture and 
make use of data and procedures that health systems process daily 
[3]. Despite the opportunities presented by data analytics, the weak 
adoption of data analytics in maternal health programs is hindering 
the effective delivery of care and potentially increasing maternal 
mortality [4].

Several theoretical frameworks have been used to try and un-
derstand the user’s acceptance of technology and the factors that 
influence adoption. The Diffusion of Innovation (DOI) theory has 
been used to examine the factors influencing the adoption of in-
novations [5]. According to Rogers (2003), five key characteristics 
of innovation include relative advantages, trialability, complexity, 
observability, and compatibility [6]. These factors all play a crucial 
role in determining the adoption or rejection of new technology. 
Relative advantage refers to the benefits an innovation offers over 
existing practices, while trialability pertains to the ability to exper-
iment with the innovation on a limited basis. Complexity involves 
the difficulty associated with understanding and using innovation, 
observability highlights how visible the results are to others, and 
compatibility relates to how well the innovation aligns with current 
values, practices, and processes [7]. 

In addition to DOI, the Technology Acceptance Model (TAM) 
has been extensively used to explain technology adoption across 
various fields [8-10]. Derived from the Theory of Reasoned Action 
(TRA) [11], TAM suggests that two main factors influence users’ 
decisions to accept and use new systems: perceived usefulness, 
which is the belief that using a particular system will enhance job 
performance, and perceived ease of use, which reflects the belief 
that the system can be used effortlessly [12]. Over time, TAM has 
been refined to include additional variables that help better predict 
and explain technology adoption behaviors beyond just perceived 
usefulness and perceived ease of use.

Additionally, personal attributes such as technological self-ef 

 
ficacy, attitudes towards innovation, and perceived benefits can 
significantly shape an individual’s willingness to embrace data 
analytics. Previous studies in technology adoption indicate that 
perceived self-efficacy has significant influence on individual in-
tention [13-15]. Conversely, resistance to change, lack of familiar-
ity with data analytics, and fears of complexity or job insecurity 
may hinder adoption at the individual level. Moreover, perceptions 
of usefulness and ease of use, core concepts from the Technology 
Acceptance Model (TAM), are shaped by personal experiences, 
knowledge, and attitudes toward technology. Personal attributes 
such as a healthcare providers digital self-efficacy, attitudes toward 
innovation, and perceived usefulness of data analytics shape their 
willingness to embrace these tools. Similarly, healthcare providers 
with positive perceptions of data analytics’ usefulness and ease of 
use concepts central to the Technology Acceptance Model, are more 
likely to experiment with and integrate these tools into maternal 
health programming.

There is hardly any literature focusing on the individual factors 
affecting the adoption of data analytics for maternal health pro-
gramming in Kenya. Technology acceptance factors among health-
care providers need to be explored to better inform adoption of 
data analytics on maternal programming. As such, the objective of 
this study is to examine the individual characteristics that influence 
the adoption of data analytics for maternal programming in Kenya. 

Methods
Study Design

This study utilized an interventional design that was quantita-
tive in nature. We adopted the Diffusion of Innovation (DOI) the-
ory and the Technology Acceptance Model (TAM) to explore indi-
vidual characteristics affecting the adoption of data analytics for 
maternal health programming. The DOI theory provided a lens to 
examine how the characteristics of the data analytics innovation 
such as perceived relative advantage, complexity, and compatibil-
ity affected its dissemination and uptake among health managers 
and practitioners. Meanwhile, the TAM was employed to explore 
individual-level determinants, particularly focusing on personal 
perceptions of usefulness and ease of use, which influence users’ 
willingness to adopt new technologies. 

Study Population	

The study population comprised members of the County and 
Sub-County Health Management Teams, senior managers, key part-
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ners and healthcare providers in Kericho and Vihiga Counties, Ken-
ya. 

Sampling

Sampling for the counties was purposive and was based on 
the criteria of universal health index coverage and high maternal 
mortality rates, specifically focusing on areas not included among 
the fifteen-priority high-impact maternal interventions. The na-
tional average for Universal Health Coverage (UHC) is 78.95%. Ker-
icho, with a UHC index of 71.93%, and Vihiga, with a UHC index of 
75.44%, were selected as they fell within the specified range and 
were in the third quintile. A total of 167 healthcare providers from 
both counties were interviewed. 

Data Collection Tools

Pre-coded closed-ended questionnaires were utilized to gather 
quantitative data from participants. 

Pre-Testing of Data Collection Tools

The Kajiado Sub-County Health Management Team participat-
ed in pre-testing the tools. This process aimed to familiarize the re-
search team with the data collection instruments and to estimate 
the time required to complete each questionnaire, ensuring clari-
ty and objectivity in the questions. Following pre-testing, unclear 
questions were revised. The primary researcher closely supervised 
the assistants during this exercise.

Reliability 

To ensure high reliability, Cronbach’s alpha coefficient was cal-
culated using SPSS Version 28 to assess the consistency of multiple 
questions within the instrument. Interview and focus group discus-
sion guides were evaluated for accuracy and completeness using a 
test-retest method, with necessary adjustments made to improve 
flow and coherence. Enumerators were debriefed during the pilot 
testing to ensure understanding and adequacy of the study tools. 
Revisions were made to reflect corrections identified during this 
process.

Data Analysis

Data cleaning involved identifying and correcting inconsisten-
cies and errors to enhance data quality. Analysis included running 
frequencies, creating scatter plots, and generating pivot tables 
while removing duplicates. Data entry was conducted using a de-
signed view in ODK and Microsoft Excel 2010/2016, with valida-
tions performed using pivot tables to check for coding errors. Each 
questionnaire and its responses were coded for easier analysis. 
Additional statistical analyses were performed using R, advanced 
Excel, Power BI, and Tableau.

Ethical Considerations	

Approval for the study was obtained from Kenyatta University’s 
Board of Postgraduate Studies, the Ethical Review Committee, and 
a research permit from NACOSTI. A permission letter was secured 
from the Ministry of Health, Office of the Director General, to grant 
access to the counties. Participants provided signed informed con-
sent, and measures were taken to ensure confidentiality by keeping 
their identities anonymous.

Results
This section provides results by social demographics charac-

teristics of the respondents’ according to age group, sex, education 
level, by cadre and years of experience into the service. The results 
indicate significant variability across these characteristics. Educa-
tion level showed a highly significant effect (Levene’s test p-val-
ue=0.001), suggesting differences in data analytics adoption based 
on educational attainment. Similarly, years of experience or age 
also appeared to influence adoption, although the result was mar-
ginally non-significant (p=0.058). Gender, however, did not show 
a significant difference in adoption levels. The overall hypothesis 
(H1), which posited that individual characteristics influence data 
analytics adoption, was strongly supported by the data (p=0.000). 
These findings suggest that education and experience are critical 
social demographic factors affecting the likelihood of adopting data 
analytics in maternal health programs, while gender appears to 
have less influence. See table 1 below.

Table 1: Individual Characteristics.

Analysis
Descriptive Test of homogeneity of 

variances ANOVA

N Standard 
error

Confidence 
interval

Levene sta-
tistics Sig F Sig

Individual 
characteristics

Education 
level 167 0.006 95% 23.845 0 4.38 0.001

Years of Expe-
rience (Age of 

Individual)
167 0.006 95% 12.653 0 2.905 0.058

Gender 166 0.006 95% 40.173 0

H1 167 0.006 0.95 18.249 0 3.6425 0.0295

Table 2 presents the frequencies and T-test analysis of the indi-
vidual characteristics influencing adoption of data analytics among 
the health managers. The findings indicate that individual charac-

teristics significantly influence the adoption of data analytics in ma-
ternal health programming among health managers. The data show 
notable differences based on gender, age, education level, cadre, 
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and years of service. Females (55.1%) were slightly more than the 
males (44.9%), and both genders demonstrated significant dispar-
ities in their adoption levels, with males having a mean difference 
of 1.55 (p=0.000). Age was also a critical factor, with older manag-
ers (above 40 years) showing higher adoption rates compared to 
younger groups, reflected in a mean difference of 3.37 (p=0.000). 
Education level strongly impacted adoption, with those holding 

higher qualifications (diplomas, degrees, and postgraduate studies) 
more likely to adopt data analytics than those with lower education 
levels; this was supported by a significant mean difference of 2.83 
(p=0.000). The cadre of health managers also played a role, with 
specialized roles such as clinical officers, nurses, and health records 
officers showing higher adoption levels, indicated by a mean differ-
ence of 5.89 (p=0.000). 

Table 2: Individual characteristics influencing adoption of data analytics in maternal health programming.

Sex Frequency Percentage t df p-value Mean Differ-
ence

95 Confidence Interval of the 
Difference

Lower Upper

Gender 40.173 166 0 1.551 1.47 1.63

Male 75 44.9

Female 92 55.1

Age Group 59.487 166 0 3.365 3.25 3.48

20-30 Years 25 15

30-40 Years 56 33.5

Above 40 
Years 86 51.5

level of Edu-
cation 32.022 166 0 2.826 2.65 3

Certificate 8 4.8

Diploma 86 51.5

Higher diplo-
ma 12 7.2

Degree 52 31.1

Masters 6 3.6

PhD 3 1.8

Cadre 19.314 166 0 5.886 5.28 6.49

Social Worker 3 1.8

Community 
Health Officer 4 2.4

Monitoring 
and evaluation 

officer
4 2.4

Health Admin-
istrator 7 4.2

medical engi-
neering 9 5.4

Nutritionist 10 6

Public health 
officer 10 6

Pharmacist 12 7.2

Laboratory 
officer 13 7.8

Registered 
Clinical Officer 18 10.8

Medical 
Officer 21 12.6
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Health 
Records and 
Information 

Officer

28 16.8

Nurse 28 16.8

Years in 
Service 35 166 0 2.814 2.66 2.97

< 5 years 22 13.2

5 – 9 years 42 25.1

10 – 19 years 48 28.7

Above 20 
years 55 32.9

Additionally, years of service significantly influenced adop-
tion, with those having over 10 years of experience demonstrating 
greater engagement with data analytics, as evidenced by a mean 
difference of 2.81 (p=0.000). The study findings suggest that more 
experienced, more educated, and senior cadre health managers are 
more likely to adopt data analytics in their practice, highlighting the 
importance of targeted capacity-building efforts to enhance adop-
tion across different demographic groups. See Table 2 above.

Figure 1 illustrates the distribution of years of work experi-
ence among health managers in the study. The data shows that a 
significant proportion, approximately one-third (33 percent), of the 
health managers have accumulated over 20 years of professional 

experience, indicating a high level of expertise and familiarity with 
the health system. Additionally, 29 percent of the managers have 
between 10 to 19 years of experience, further reflecting a substan-
tial pool of experienced personnel. When combined, those with 
more than 10 years of experience, accounting for 61 percent of the 
sample demonstrate a high level of preparedness and capacity for 
leadership and succession planning within their respective institu-
tions. Conversely, a smaller segment, about 13 percent, of the health 
managers have less than five years of experience, suggesting that 
this group may still be in the early stages of their careers and may 
require targeted capacity-building to enhance their skills and confi-
dence in adopting new innovations such as data analytics. 

Figure 1: Years in Service of health managers.

Figure 2 illustrates the education levels among health manag-
ers across the different cadres. The data shows that the most com-
mon cadres were nurses and health records and information offi-
cers, collectively accounting for 17 individuals. These were closely 
followed by medical officers (13), clinical officers (11), laboratory 
officers (8), and pharmacists (7). The least represented cadres 
included medical social workers, community health officers, and 

monitoring and evaluation officers, each with only 2 individuals. 
Overall, more than half (52 percent) of the health managers held 
diplomas, indicating a significant proportion of mid-level qualifica-
tion holders. Additionally, approximately 31.1 percent of the man-
agers possessed university degrees, reflecting higher education at-
tainment, while only 1.8 percent had earned PhDs. 
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Figure 2: Health Managers’ respondents by cadre and by Level of Education.

The analysis in Table 3 below reveals that staff training across 
different levels of education has a significant positive impact on 
data analytics adoption in maternal health programs. The means, 
which are consistently close to 1 across all educational categories, 
ranging from certificate to PhD, indicate a generally high level of 
training effectiveness. The ANOVA results show a significant differ-

ence between groups (F=4.38, p=0.001), suggesting that the level of 
staff training influences data quality outcomes. Notably, the homo-
geneity of variances (Levene’s test p=0.000), indicates variability in 
data across groups. These findings imply that investing in targeted 
staff training at all levels of education is crucial for improving data 
quality in maternal health initiatives. 

Table 3: Training of staff by levels of education improved data quality in maternal health.

Improve data quality by training of staff (Adoption)

 Descriptive Test of Homogeneity of 
Variances  ANOVA

 N Mean Std. Devia-
tion Std. Error 95% Confidence Inter-

val for Mean Based on Mean Between Groups

 Lower 
Bound

Upper 
Bound

Levene 
Statistic Sig F Sig.

Certificate 8 1.13 0.354 0.125 0.83 1.42

Diploma 86 1 0 0 1 1

Higher 
diploma 12 1 0 0 1 1
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Degree 52 1 0 0 1 1

Masters 6 1 0 0 1 1

PhD 3 1 0 0 1 1

Total 167 1.01 0.077 0.006 0.99 1.02 23.845 0 4.38 0.001

The analysis on table 4 below indicates that the mean values 
are very close to 1 for all age categories, with the youngest group 
(20-30 years) having a slightly higher mean of 1.04. The ANOVA 
results show an F-value of 2.905 with a p-value of 0.058, which is 
marginally above the conventional significance threshold of 0.05. 

This suggests that while there may be some variation in percep-
tions among age groups, these differences are not statistically sig-
nificant. The homogeneity of variances (Levene’s test p=0.000) in-
dicated variability across groups.

Table 4: Age of trained health managers improved data quality in maternal health programming.

Improve data quality by training staff (adoption)

 Descriptive Test of Homogeneity of 
Variances ANOVA

 N Mean Std. Devia-
tion Std. Error 95% Confidence Inter-

val for Mean Based on Mean Between Groups

 Lower 
Bound

Upper 
Bound

Levene 
Statistic Sig F Sig.

20-30 
Years 25 1.04 0.2 0.04 0.96 1.12

30-40 
Years 56 1 0 0 1 1

Above 40 
Years 86 1 0 0 1 1

Total 167 1.01 0.077 0.006 0.99 1.02 12.653 0 2.905 0.058

Discussion
The findings of this study have significant implications for pol-

icy and practice aimed at strengthening data analytics adoption in 
maternal health programming. The findings suggest that individ-
ual characteristics, such as education level, years of experience, 
and professional cadre play a vital role in influencing the uptake of 
data analytics as they shape healthcare providers’ willingness and 
ability to utilize data for decision-making and innovation for better 
maternal health outcomes.

The reported influence of education levels on data analytics 
adoption aligns with findings from Rob, et al., (2024), emphasizing 
that education initiatives are crucial for enhancing data quality and 
utilization as it positively affects perceptions of the usefulness and 
ease of use of Big Data Analytics (BDA) tools [16]. Importantly, per-
ceived usefulness plays a key role in shaping the intention to adopt 
BDA, which in turn leads to adoption. Creating such an environment 
is essential for translating positive intentions into sustained, practi-
cal application, ultimately improving data-driven decision-making 
processes. This study finding is comparable to Lleras-Muney, et al., 
(2002) who reported that highly educated workers tend to adopt 
new technologies faster than those with less education in devel-
oped countries [17].

Additionally, the observed variability in educational levels 
suggests that investing in data analytics training from diploma to 

postgraduate levels is vital for enhancing data accuracy, complete-
ness, and timeliness. This finding is also consistent with that of 
Mwangi, et al., (2023) who emphasized that human capital devel-
opment is crucial in the successful implementation of public health 
interventions. A workforce with extensive institutional knowledge, 
particularly those with higher educational qualifications and lon-
ger service years, possesses the skills and confidence necessary to 
champion data use within their organizations [18]. However, previ-
ous studies, such as those by Laumer, et al., (2016), underscore that 
the mere presence of experienced staff is insufficient; continuous 
capacity-building interventions, including targeted training, men-
torship, and supportive supervision, are necessary to sustain data 
quality improvements [19]. Hamed, et al., (2024) as indicated that 
factors IT expertise, and organizational resources insignificantly 
influenced adoption in Saudi Arabia [20]. On the other hand, Kim, 
et al., (2021) suggests that healthcare organizations aiming at suc-
cessfully implementing a new data analytics infrastructure should 
provide well-designed training that enables trainees to develop 
specific learning and performance goals as well as improve relevant 
skills and ability to use new tools in the United States [21]. 

The findings also indicate that age influences data analytics 
adoption, with those having over 10 years of experience demon-
strating greater engagement with data analytics. This finding is 
in contrast with that of Choi, et al., [22] who reported that older 
adults consistently adopt technology at lower rates compared with 
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younger age groups which compromise their ability to derive ben-
efits offered by technology [22].  Hamed et al. [20] as indicated that 
factors IT expertise, and organizational resources insignificantly in-
fluenced adoption in Saudi Arabia [20] on the other hand, Kim et al. 
[21] suggests that healthcare organizations aiming at successfully 
implementing a new data analytics infrastructure should provide 
well-designed training that enables trainees to develop specific 
learning and performance goals as well as improve relevant skills 
and ability to use new tools in the United States [21].

This contrast implies that in specialized or work-related envi-
ronments, accumulated expertise and familiarity with data-driven 
tools may offset age-related reluctance, emphasizing that factors 
like professional experience and contextual exposure can signifi-
cantly shape technology adoption patterns. Consequently, these in-
sights advocate for a more differentiated approach when analyzing 
technology adoption, recognizing that age alone is insufficient to 
predict engagement; instead, experience and other specific factors 
play critical roles.

There was no significant difference in adoption levels across 
the genders within this study. This finding contrasts with the re-
sults of Cai, et al., [23], who suggested that women’s participation in 
technology tends to be limited due to societal perceptions that tech-
nology is a male-dominated field [23].  Similarly, Kamalu et al. [24] 
suggests that there exists gender-gap in computer and internet use 
in favor of males over females because of differences in factors such 
as socialization, modeling, anxiety or levels of comfort in technol-
ogy-use and gender-related stereotypes in the United States [24]. 
This finding suggests that, in this context, gender-related barriers 
are less pronounced or have been mitigated, possibly due to target-
ed efforts to promote gender equity in health systems or changing 
social norms.

In conclusion, this study highlights the importance of gender, 
education, experience, and professional roles in promoting data an-
alytics adoption in maternal health. It suggests that targeted train-
ing and capacity-building are also essential to improve data quality 
and utilization. Findings also indicate that extensive experience 
can offset age-related barriers, while gender does not significant-
ly influence adoption in this context. Tailored interventions that 
consider these factors are crucial for enhancing data-driven deci-
sion-making and improving maternal health outcomes.

Study limitations
The participants in this study did not actively engage with data 

analytics technologies in real-world settings, so their responses 
primarily reflect their perceived willingness to adopt, rather than 
their actual usage patterns. While collecting prospective data on 
how data analytics technologies are used in practice would offer a 
more comprehensive understanding, this approach was beyond the 
scope of the current research.
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