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Abstract

Introduction: Advances in big data analytics offer powerful tools to improve maternal health outcomes through better data use
and decision-making. In Kenya, progress has been made in digital health systems, but barriers such as limited infrastructure and
human resources hinder effective adoption. This study examines the technical factors influencing data analytics use among health
managers in Kericho and Vihiga Counties.

Methods: This was an interventional study that employed a quantitative approach to assess technical factors influencing data ana-
lytics adoption among health managers in Kericho and Vihiga Counties, Kenya. A purposive sampling strategy was conducted to se-
lect the counties with high maternal mortality and suboptimal health coverage. Within these counties, a stratified random sampling
method was used to select 167 health managers across various facilities. Data was collected via structured questionnaires covering
data tools, infrastructure, training, and technical challenges. Data entry was performed using a custom-designed data entry interface
in Open Data Kit (ODK) and Microsoft Excel 2010/2016. Data analysis performed using descriptive statistics, scatter plots, and ad-
vanced techniques in R, Power BI, and Tableau. Ethical approval was obtained from relevant authorities, and informed consent was
secured from all participants, ensuring confidentiality and data security.

Findings: The analysis revealed that the availability of data analytics tools significantly influences their adoption, with respondents
reporting higher access correlating with increased use (F=4.830, p=0.029). Specifically, the presence of data collection tools, includ-
ing maternal health-specific forms, showed strong associations with adoption levels (p<0.05), while the availability of IT infrastruc-
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ture did not significantly impact usage. Most health managers (88%) conducted data analysis during data collection, with fewer
engaging in modeling or interpretation stages. Monthly data analysis was reported by 40%, but a substantial portion (34%) lacked a
defined frequency. Challenges hindering analytics included inadequate training (90%), limited human resources (71%), and manual
data processing (58%). Although many respondents had access to data analytics tools like SPSS, Excel, and Tableau, variability in
access and utilization was evident across counties. Perceptions of IT usability were generally positive, with no significant differences
among respondents regarding system complexity. Overall, findings highlight critical gaps in access, skills, and resources that limit
effective data analytics adoption in maternal health programs.

Conclusion: This study emphasizes the need to improve data analytics infrastructure, skills, and organizational commitment in
Kenya’s health sector to enhance maternal health outcomes. Prioritizing technology integration and sustainable funding is essential
for achieving universal health coverage.

Keywords: Data analytics, Maternal health, Adoption, Data use, Technical, Availability, Training, Standardization, User-friendliness

Introduction

Recent advances in big data analytics provide more flexible, ef-
ficient, and open tools for researchers to gain insight from health-
care data [1]. In recent years, the use of data analytics has become
increasingly recognized as a vital component in enhancing health
system performance, particularly in maternal health programming
[2]. Data analytics in maternal health programming is employed at
various levels including foundational, descriptive, diagnostic, pre-
dictive, prescriptive, and cognitive, each representing a progressive
level of data utilizations [3]. Accurate data on Maternal Newborn
and Child Health (MNCH) morbidity and mortality are essential for
achieving the goals of reducing preventable deaths and improved
well-being [4]. Data analytics could then be applied back into ma-
ternal health programs to guide the interventions in a more target-
ed, efficient manner. It can improve data availability, quality, health-
care provision and decision-making for MNCH programmes. Data
analytics also enhances patient engagement by providing expect-
ant mothers with insights into their health, fostering active partic-
ipation in their care decisions and improving health outcomes [5].
Despite the global emphasis on data-driven health interventions,
many low- and middle-income countries continue to face signifi-
cant challenges in leveraging data analytics effectively, largely due
to technical, infrastructural, and human resource limitations [6].

Kenya has made notable strides in scaling up its health infor-
mation systems [7]. The government of Kenya in collaboration with
implementing partners rolled out the District Health Information
System (DHIS2), Kenya EMR, and International Quality (IQ) Care in
some public health facilities [8]. Additionally, fast technological ad-
vances in ICT and rapid internet growth have shaped and changed
data usage leading to health information infrastructures emerging
in various institutions, particularly in fields dealing with huge data
amount. The digitalization of healthcare has gained momentum in
the last two decades, especially with the rise of innovations like the
Internet of Medical Things (IoMT), telehealth and Artificial Intelli-
gence (Al) based medical tools. Digital health infrastructures are
being established and developed [9].

Technical factors play a crucial role in shaping the extent to
which data analytics are adopted and effectively utilized within
health systems. These factors encompass a range of infrastructural,
technological, and human resource components that either facili-
tate or hinder data-driven decision-making. Previous studies have
shown highlighted barriers related to adoption of data analytics
including variable levels of experience, computer literacy, low mo-
rale among data collectors and poor training and supervision [10-
22]. Effective staff training is critical to the data analytics adoption
process and determines its success. Program implementers should
ensure physicians and staff understand the practice’s features and
functionality of data analytics tools. Three studies suggested build-
ing an approach of continuous development [20,23,24] and while
one suggested developing a national policy to aid adoption [20].
There is also evidence of resistance to the adoption of data analyt-
ics due to poor support by external developers and county man-
agement [25,26], high patient loads and unplanned staff shortages
[17,24,27].

While efforts to promote data analytics in maternal health pro-
gramming are valuable, significant concerns remain regarding the
contextual factors that influence their adoption and for developing
targeted interventions that can enhance data analytics penetration
and optimize their use in maternal health. This study seeks to ex-
amine the technical factors influencing the adoption of data ana-
lytics in maternal health programming among health managers in
Kericho and Vihiga Counties. By understanding these factors, the
research aims to identify barriers and facilitators to data analytics
adoption, thereby informing strategies to strengthen health in-
formation systems, improve data quality, and ultimately enhance
maternal health outcomes. The findings are expected to contribute
to the growing body of knowledge on health data systems in re-
source-constrained settings and support policymakers and health
system stakeholders in making informed decisions to optimize ma-
ternal health interventions.
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Methodology
Study Design

This study employed an interventional design that entailed
quantitative data collection and analysis.

Study Population

The study population included members of the County and
Sub-County Health Management Teams, senior managers, key part-
ners and healthcare providers in maternal health service delivery
in Kericho and Vihiga Counties, Kenya.

Sampling

Sampling for the study was purposive, focusing on counties
selected based on health coverage and maternal health indicators.
The sampling included areas with high maternal mortality rates
and suboptimal universal health index coverage, specifically exclud-
ing regions that ranked the fifteen high-impact maternal interven-
tion priorities. The national average for Universal Health Coverage
(UHC) is 78.95%. Kericho County, with a UHC index of 71.93%, and
Vihiga County, with a UHC index of 75.44%, were chosen because
they fell within the third quintile of coverage levels.

Sampling and Participants

A stratified random sampling technique was used to select a
representative sample of 167 health managers across different
health facilities within the two counties. The sample size was de-
termined based on the total population of managers involved in
maternal health, ensuring adequate power to detect significant dif-
ferences in perceptions and practices related to data analytics.

Data Collection Instrument

Data was collected using a structured questionnaire developed
to capture various technical factors influencing data analytics adop-
tion. The questionnaire included Likert-scale items, multiple-choice
questions, and categorical variables addressing aspects such as the
availability and type of data collection tools, perceived ease of use,
infrastructure availability (computers and IT), training, skills, data
analysis processes, and technical challenges.

Variables and Measures
The primary variables examined included:

1) Availability of data collection tools including maternal
health-specific tools, manual registers, automated forms, and
combined systems.

2) Perceived ease of use and user-friendliness of data collection
tools, measured on a Likert scale.

3) Availability and ease of use of computers and information
technology in health facilities.

4) Training and skills in data analytics, including whether manag-
ers had received training and their perceived skill gaps.

5) Data analysis processes including frequency, techniques used
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(e.g., modeling, triangulation), and stages of data analysis (col-
lection, synthesis, interpretation, communication).

6) Availability and perceived usefulness of data analytics tools
such as SPSS, Excel, Tableau, and others.

7) Technical challenges faced, including human resources, train-
ing, infrastructure, and manual data processing.

Data Analysis

Data cleaning involved systematically identifying and rectifying
inconsistencies, errors, and missing values to improve data quali-
ty. This process included removing duplicate entries and ensuring
accurate coding of responses. Data entry was performed using a
custom-designed data entry interface in Open Data Kit (ODK) and
Microsoft Excel 2010/2016, with validation checks implemented
through pivot tables to identify and correct coding errors. Each
questionnaire and its responses were encoded with unique identi-
fiers to facilitate analysis. Descriptive statistics such as frequencies
and distributions were generated, complemented by the creation of
scatter plots and pivot tables for data visualization and summari-
zation. Advanced statistical analyses were conducted using R soft-
ware, while data visualization and dashboarding were supported
by tools including Power Bl and Tableau.

Ethical Considerations

Ethical approval for this study was obtained from the Kenyat-
ta University’s Board of Postgraduate Studies, the Ethical Review
Committee, and a research permit from the National Commission
for Science, Technology, and Innovation (NACOSTI). A formal per-
mission letter was also received from the Ministry of Health, Of-
fice of the Director General, authorizing access to the study sites
within the counties. Participation was voluntary, and informed
consent was obtained from all respondents through signed consent
forms. To ensure confidentiality, all identifying information was an-
onymized, and data was stored securely, accessible only to autho-
rized research personnel.

Results

The analysis demonstrated that the availability of data analytics
tools was statistically significant. Specifically, the adoption of data
analytics was significantly associated with the availability of data
collection tools, as evidenced by a Levene’s test statistic of 23.952
and an ANOVA F-test of 4.830, both with p-values less than 0.05.
Similarly, the presence of standard data collection tools showed
significant correlation, with Levene’s statistic of 42.02, an ANOVA
F-test of 19.510, and a robust mean equality test of 23.537, all sta-
tistically significant at p<0.05. The availability of data collection
tools in maternal health also correlated positively with statistical
significance, with Levene’s statistic of 42.454, an F-test of 9.984,
and a mean equality test of 4.626, all below the 0.05 threshold. Con-
versely, the availability of information technology did not show a
significant effect, with Levene’s statistic of 2.940, an F-test of 0.618,
and a mean test of 0.878, all above the 0.05 level.
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Availability of Standard data collection tools including
tools for maternal health and data analytic tools are key fac-
tors in influencing the adoption of data analytics in maternal
health programming.

The findings indicate that the availability of standard data col-
lection tools, including those specific to maternal health, as well

Copyright© Pepela Wanjala

as data analytic tools, significantly influence the adoption of data
analytics in maternal health programming. These factors showed
strong statistical significance, with Levene’s test p-values of 0.000
and ANOVA p-values below 0.05, highlighting their critical role. In
contrast, the availability of information technology did not signifi-
cantly impact adoption, as evidenced by a p-value of 0.433. See Ta-
ble 1 below.

Table 1: Technical factors influencing adoption of data analytics in maternal health programming in Kenya.

Descriptive
Descrip-

Test Homogeneity

Robust Tests of Equali-

ANOVA ty Means

Variances

Objective

tive of

2 Analysis

N Std Error

Confi-

dence

Levene
Statistic

Sig

Sig.

Statistica

Sig.

Interval

Availabil-

ity of data

analytics
tool

119 0.019 95%

23.952

0.000 4.83 0.029

Standard
tools
available
for data
collection

116 0.082 95%

42.02

0.000 19.55 0.000 23.537 0.000

Availabil-
ity of data
collection
tools
including
Maternal
health

Technical

Factors

127 0.018 95%

42.454

0.000 9.984 0.002 4.626 0.037

Percep-
tion on
availability
of Infor-
mation
technology
used

150 0.037 95%

2.94

0.088 0.618 0.433 0.878 0.359

H2 128 0.039 0.95

27.8415

0.022 8.7455 0.116 9.68 0.132

Table 2 below shows that, after intervention, the availabili-
ty of data collection tools was 95% up from 75% with a T-test of
-5.02 denoting a result of 0.000 which was statistically significant
for p<0.05. Majority of tools available were hard copies from 50%
during baselines to 58% after the intervention with a z-value of
-1.54 and p-value of 0.124353 at p< 0.05 which was not statistically
significance. It was perceived that the available data collection tools
were user friendly at 46% up from 30% reported during baseline

with a z- value of 16.44 and p value of < 0.00001 at p<0.05 which
was statistically significance. Slightly, half (55%) had computers up
from 40% with a z-value of -2.74 and p-value of 0.006162 at p<0.05
which was statistically significance however more than 86% of
health managers found them easy to use after intervention with
z-value of -0.51 and p-value of 0.609243 at p<0.05. This was not
statistically significant.

Table 2: Technical Factors influencing adoption of data analytics in maternal health programming in Kenya.

Technical Baseline After Interventions Estimated p-value
. Significance
Factors Frequency Percentage Frequency Percentage z-value (2-tailed)
Availability of
data collection 125 75 158 95 -5.02006 0.000 Significant

tools including
Maternal health
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Technical Baseline After Interventions Estimated p-value N
. Significance
Factors Frequency Percentage Frequency Percentage z-value (2-tailed)
Type of Tools Available for Data Collection
Hard copies of
registers and 83 50 97 58.1 -1.53676 0.124353 Not Significant
forms
Automated
registers and 2 1 3 1.8 -0.4506 0.652278 Not Significant
summary forms
Both Manual
and automated 42 25 58 34.7 -1.91155 0.055934 Not Significant
data collection
tools
Don’t know 5 3 9 5.4 -1.09218 0.274753 Not Significant
Perceived Easy of Data Collection Tools
User friendly 50 30 76 45.5 16.44 <0.00001 Significant
Too Many 13 8 16 9.6 2.19 0.028 Significant
Too Complex 17 10 19 11.4 11 0.271 Not significant
Notuser 45 27 56 335 7.67 <0.00001 Significant
friendly
‘Availability of
computers for 67 40 92 55 -2.73902 0.006162 Significant
health program-
ming
Easy to Use Available Computer
Very easy 8 5 12 7.2 -2.67686 0.007431 Significant
Easy 109 65 131 78.4 -0.51115 0.609243 Not Significant
Complex 18 11 21 12.6 -1.00604 0.314395 Not Significant
Very Complex 1 0.8 3 1.8 -2.67686 0.007431 Significant
Availability of Information Technology and Use in Your Institution
Very easy 109 65 126 75.4 -2.0369 0.041659 Significant
Easy 28 17 38 22.8 -1.37415 0.169395 Not Significant
Complex 2 1 3 1.8 -0.4506 0.652278 Not Significant
Adequate Staff Training on Data Analytics
Yes 17 10 25 15 -1.32022 0.18676 Not Significant
Partly 129 77 142 85 -1.81828 0.06902 Not Significant
Perceived have
skill gap in data 142 85 160 95.8 -3.34632 0.000819 Significant
analytics
Trained on data 30 18 41 24.6 -1.47116 0.141249 Not Significant
analytics
Acquired skills
to analyze data 28 17 34 20.4 -0.84439 0.39845 Not Significant
including mater-
nal deaths
Processes Data Analysis
Data Cleaning
and Preprocess- 40 24 57 34.1 -2.0491 0.040453 Significant
ing
~processes used
to analyze data
through Ex- 33 20 46 275 -1.67391 0.094148 Not Significant
ploration Data
Analysis (EDA)
-data structure
American Journal of Biomedical Science & Research 729
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Technical Baseline After Interventions Estimated p-value

. Significance
Factors Frequency Percentage Frequency Percentage z-value (2-tailed)

processes in use
to analyze data
through Data
collection

129 77 147 88 -2.60002 0.009322 Significant

processes in use
to analyze data
by Modelling or
triangulation of 40 24 51 30.5 -1.35189 0.176401 Not Significant
data where ap-
plicable\Define
Objectives

~processes in
use to analyze
data through 63 38 80 48 -1.87991 0.06012 Not Significant
interpretation of
Results

processes in use

to analyze data

through Evalu- 77 46 88 52.7 -1.20387 0.228639 Not Significant

ation/synthesis
data

processes in use

to analyze data

through Iterate 33 20 42 25.1 -1.18014 0.237943 Not Significant

and Refine the
data

processes in
use to analyze
data through 75 45 82 49.1 -0.76742 0.44283 Not Significant
Communication
of Results

Analysis of
maternal deaths 92 55 116 69.5 -2.70937 0.006741 Significant
data

Frequency of Data Analysis

Annually 3 2 6 3.6 0.78368 0.003 Significant

Quarterly 13 8 18 10.8 2.37608 0.003 Significant

Monthly 50 30 66 39.5 15.4356 <0.0002 Significant

Fortnightly 5 3 8 4.8 1.018224 0.004 Significant

Every day 7 4 13 7.8 2.74025 <0.00041 Significant

None of the

17 10 56 33.5 33.6748 0.0045 Significant
above

Availability of
data analytics 8 5 11 7 -0.7087 0.478511 Not Significant
tool

data analytics

t00]-SPSS 5 3 8 5 -0.84873 0.396031 Not Significant

data analytics

8 5 11 7 -0.7087 0.478511 Not Significant
tool-msexcel

data analytics

tool-stata 2 1 2 1 0 1 Not Significant

data analytics

t00l-GIS 141 84 161 96 -3.71813 0.000201 Significant

data analytics

tool-tableau 8 5 11 7 -0.7087 0.478511 Not Significant

data analytics

. 5 3 8 5 -0.84873 0.396031 Not Significant
tool-knime
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Technical Baseline After Interventions Estimated p-value N
. Significance
Factors Frequency Percentage Frequency Percentage z-value (2-tailed)
data analytics 8 5 11 7 -0.7087 0.478511 Not Significant
tool-others
Opinion on the Usefulness of Available Data Analytics Tools
Very useful 3 2 6 3.6 -1.01375 0.310701 Not Significant
Useful 145 87 161 96.4 -3.15903 0.001583 Significant
Opinion on the Usefulness of Available Data Analytics Tools
Very useful 3 2 6 3.6 1.43 0.153 Not Significant
Useful 154 92 161 96.4 2.33 0.02 Significant
Technique of Adjusting if Not Complete
No tics}:;‘q“e 33 20 39 234 0.120207 0.029 Significant
Modelling 17 10 38 22.8 0.415288 0.031 Significant
Triangulation 20 12 32 19.2 0.230584 <0.00045 Significant
Don’t know 7 4 58 34.7 0.099793 <0.0002 Significant
Perception on
role in enabling
data analytics 107 64.2 124 743 -2.01418 0.043991 Significant
adoption to
transform ma-
ternal program
Technical Challenges Affecting Data Analytics
technical chal-
lenge -human 108 65 119 71.3 -1.28992 0.19708 Not Significant
resource
technical chal-
lenge -Inade- 145 87 150 90 -0.85192 0.394257 Not Significant
quate training
~technical chal-
lenge -Inade- 78 47 96 57.5 -1.97157 0.04865 Significant
quate computers
“technical chal-
lenge -manual 77 46 97 58.1 -2.19063 0.02847 Significant
process of data
analysis

About three quarters (75%), had availability of information
communication technology ease use in the institutions of health
managers up from 65% with a z-value of -2.04 p-vale of 0.041659
at p<0.05 which was statistically significant but majority of the staff
(85%) up from 77% were partially trained in data analytics with a
z-value of -1.82 and p-value of 0.069020 suggesting that it was not
statistically significant at p<0.05. Moreover, the perceived skilled
gaps in data analytics increased by slightly more than 10% from
85% during baseline to 96% after the intervention with z-value of
-3.35 and p-value of 0.000819 which was statically significant. The
proportion of healthcare managers’ analysis of maternal deaths
data increased from 55% during baseline to 70% after the inter-
vention and done monthly by 40% of the healthcare managers.

However, the availability of data analytics tools was weak with
the majority (96%) reporting availability of data analytics tools GIS
with a z value of -3.72 and p-value of 0.0002201 which was statisti-
cally significant at p<0.05. The adjustment of incomplete data was
done through Modelling (23%) and Triangulations (19%). Finally,

Data analytics adoption in maternal health programming was 74%
with the main challenge as inadequate training (90%), with z-value
of - 0.85 and p-value of 0.394257 which was not statically signifi-
cant at P<0.05.

Table 3 reveals that there was a statistically significant and sub-
stantial increase in the proportion of respondents who found the
data collection tools user-friendly, rising from 30% at baseline to
45% at endline. This sharp increase suggests that the intervention
likely succeeded in making the tools more intuitive or in enhancing
user capacity through training or support mechanisms. The very
low p-value confirms that this improvement is unlikely to be due
to chance. Further, there was also a significant increase in the pro-
portion of respondents who perceived the tools as not user friendly
(from 27% to 34%). This may indicate a polarization of perceptions.
While some users became more comfortable with the tools, others
may have faced persistent or new challenges-such as interface is-
sues, language barriers, or lack of technical support—leading to
greater dissatisfaction. This highlights the heterogeneous impact of
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the intervention, where improvements were not evenly felt. More-
over, there was a statistically significant increase that was observed
in the perception that the data collection tools were too many (from
8% to 10%). This might reflect a growing awareness or exposure
to multiple tools post-intervention. While it may suggest increased
comprehensiveness of data collection, it also raises concerns about
tool overload and the need for integration or simplification. How-

Table 3: Perceived easy data collection tools.

Copyright© Pepela Wanjala

ever, the change in the perception that the tools were too complex
(from 10% to 11%) was not statistically significant. This indicates
that complexity remains a relatively stable concern, unaffected by
the intervention. While it is a relatively minor category, this con-
sistency implies that no substantial improvements were made in
simplifying tool design or enhancing user understanding.

Perception of Baseline on data Endline on data
Data Collection collection tool collection tool Change (%) Estimated z-value | p-value (2-tailed) Significance
Tools (%) (%)
User friendly 30 45 15 16.44 <0.00001 Significant
Too complex 10 11 1 1.1 0.271 Not significant
Too many 8 10 2 2.19 0.028 Significant
Not user friendly 27 34 7 7.67 <0.00001 Significant

Figure 1 below shows that approximately 45 percent of health
managers considered the data collection tools to be user-friendly.
In contrast, 11 percent perceived the tools as too complex, while 10

percent believed there were too many tools available. Additionally,

nearly one-third of the respondents thought that the data collection

tools were not user-friendly.

Not user friendly

34%

User friendly
45%

Figure 1: Perceived ease of data collection tools.

Figure 2 below demonstrates the various data analytics pro-
cesses with 88 Percent of them happening during data collection.
Slightly more than half (53 Percent) are during the synthesis of data
and 49 percent of the process and 48 percent were during the com-

munication and interpretation of the results respectively. Less than
one-third 30 percent of the processes were realized during Model-
ling and exploration of data analytics.

processes in use to analyze data through Iterate and Refine the data

“processes used to analyze data through Exploration Data Analysis (EDA) -data

structure

processes in use to analyze data by Modelling or triangulation of data where
applicable'Define Objectives

Data Analysis Process

processes in use to analyze data through Communication of Results
processes in use to analyze data through Evaluation/synthesis data [[NNNRNENEGNGEE 52 7

processes in use to analyze data through Data collection [N s:

Data Cleaning and Preprocessing

“processes in use to analyze data through nterpretation of Results

I 251
I 275
I 305
341
I 43

I 49.1

0 50 100
Percent

Figure 2: Processes in data analytics.
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The results in Table 4 reveal that the intervention appears to
have increased the overall frequency and diversity of data analysis
routines, especially in favor of Monthly, Quarterly and daily practic-
es. However, the sharp increase in the “None of the above” category

Table 4: Frequency of data analysis.

Copyright© Pepela Wanjala

might indicate gaps in clarity, structure, or adherence to standard
routines. The findings suggest both progress and complexity: while
regular analysis is improving, some users may still operate outside
standard reporting frequencies.

Frequency of Data Baseline on Data Endline on Data
1 yo Collection Tool Collection Tool Change (%) Estimated z-value | p-value (2-tailed) Significance
analysis
(%) (%)
Monthly 30 39.5 9.5 15.4356 <0.0002 Significant
None of the above 10 33.5 22.5 33.67485 0.0045 Significant
Quarterly 8 10.8 2.8 2.37608 0.003 Significant
Everyday 4 7.8 3.8 2.740256 <0.00041 Significant
Fortnightly 3 4.8 1.8 1.018224 0.004 Significant
Annually 2 3.6 1.6 0.78368 0.003 Significant

The results in Table 5 show that there were significant increas-
es in the use of triangulation and modelling are positive indicators
that the intervention enhanced technical capacity for managing in-
complete data. However, the rise in “no technique used” and “don’t

know” also suggests that some gaps remain, particularly in the
dissemination or retention of skills among all participants. Target-
ed follow-up training or mentoring might help reduce reliance on
no-strategy approaches and support those who are still uncertain.

Table 5: “Technique of adjusting if not complete.

. Baseline on tech- | Endline on tech-
Technique of nique of adjusting | nique of adjustin
adjusting data if que ) 18 que ) "8 Change (%) Estimated z-value | p-value (2-tailed) Significance
hoL possibIe data if not possi- | data if not possi-
ble (%) ble (%)
Triangulation 12 19.2 7.2 0.230584 <0.00045 ***(significant)
Modelling 10 22.8 12.8 0.415288 0.031 **(significant)
No technique used 20 234 3.4 0.120207 0.029 **(significant)
Don’t know 4 7.8 3.8 0.099793 <0.0002 *#*(significant)

The main challenges affecting data analytics are inadequate
training (90 percent), inadequate Human resources (71 percent),

percent) respectively as shown in Figure 3.

manual processing of data analysis and inadequate computers (58

Percentage (%)
u
o

g7
713
65
525 58.1
I | I | I

40
30
20
10
0
Inadequate Human resource Inadequate Manual process of
training computers data analysis
Challenges affecting Data analytics
M Baseline M After Interventions

Figure 3: Challenges affecting Data Analytics.
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Table 6 indicates that the availability of data analytics tools var-
ies among respondents, with 119 reporting access to these tools
and a mean score of 1.91, suggesting relatively low adoption levels.
In contrast, 48 respondents reported no access, with a mean score
of 2.0. The ANOVA results reveal a significant difference in percep-
tions of data analytics tool availability between groups (F=4.830,

Table 6: Availability of data analytics tools.

Copyright© Pepela Wanjala

p=0.029), indicating variability in access levels across different re-
spondents. The findings suggest that while some respondents have
access to data analytics tools, a substantial proportion still lack
such resources, highlighting the need to improve availability and
adoption of data analytics tools in the healthcare setting.

Availability of Data Analytics Tool (Adoption)
Descriptive Test of Hor_nogenelty of ANOVA
Variances
0, i =

R Based on Mean Between Groups

Std. Devia- val for Mean

N Mean . Std. Error
tion Lower Upper Levene si F Si
Bound Bound Statistic g g
Yes 119 191 0.291 0.027 1.85 1.96
No 48 2 0 0 2 2
Total 167 1.93 0.249 0.019 19 1.97 23.952 0.000 4.83 0.029

Technically, the training of health managers does not suggest
improvement in data quality. Test of homogeneity of variance at
95% confidence interval and standard error of 0.006 demonstrated
Levene statistic of 2.105 with a significant level of 0.149 which was

Table 7: Improved data quality by training of health managers.

greater than P<0.05 and ANOVA F-test was 0.517 with a significant
level of 0.473 which was above P<0.05 suggesting that it was not
significant as denoted in Table 7 below.

Improve Data Quality by Training Staff (Adoption)
Descriptive Test of Hor.nogenelty of ANOVA
Variances
0, i =
SO LA LG Based on Mean Between Groups
std. Devia- val for Mean
N Mean . Std. Error
tion Lower Upper Levene 5 F -
Bound Bound Statistic g g
Yes 57 1 0 0 1
No 110 1.01 0.095 0.009 0.99 1.03
Total 167 1.01 0.077 0.006 0.99 1.02 2.105 0.149 0.517 0.473

The findings show that the availability of data collection tools,
including those for maternal health, varies among respondents,
with those having access reporting a mean score of 1.02, indicating
higher adoption. Respondents without access had a higher mean
score of 1.15, suggesting lower adoption. The ANOVA and robust
tests of equality of means reveal a significant difference between

Table 8: Availability of data collection tools for maternal health.

the groups (F=9.984, p=0.002; Brown-Forsythe F=4.626, p=0.037),
indicating variability in the availability and adoption of data col-
lection tools. While many respondents have access to these tools,
a notable proportion lack such resources, highlighting the need to
improve the availability of maternal health data collection tools. See
Table 8 below.

Availability of Data Collection Tools Including Those for Maternal Health (Adoption)

- Test of Homogene- Robust Tests of

Descriptive ity of Variances A Equality of Means
o .
SO BTG Based on Mean Between Groups Brown-Forsythe
N . Std. De- Std. Interval for Mean
viation Error Lower Upper | Levene si F si Statis- Si
Bound Bound | Statistic g & tica &
Yes 127 1.02 0.152 0.014 1 1.05
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No 40 1.15 0.362 0.057 1.03

1.27

Total 167 1.05 0.226 0.018 1.02

1.09

42.454 0.000 9.984 0.002 4.626 0.037

The results indicate that the type of data collection forms or
tools available for use varies significantly among respondents,
with those having access reporting a higher mean score of 2.1,
suggesting greater adoption of diverse forms and tools. Converse-
ly, respondents without access had a lower mean score of 1.35, in-
dicating limited use. The ANOVA and robust tests reveal a highly
significant difference between the two groups (F=19.550, p=0.000;

Table 9: Types of tools available for data collection.

Brown-Forsythe F=23.537, p=0.000), highlighting substantial vari-
ability in the availability and adoption of data collection forms and
tools. Overall, while many respondents have access to various forms
for data collection, a considerable proportion lack such resources,
underscoring the need to enhance the availability and utilization of
appropriate data collection tools. See Table 9 below.

Type of Form/Tools Available for Data Collection (Adoption)
i Test of Homogene- Robust Tests of
Descriptive ity of Variances ANOVA Equality of Means
0 .
SO D G Based on Mean Between Groups Brown-Forsythe
Std. De- Std. Interval for Mean
N Mean .
viation Error Lower Upper Levene Si F si Statis- Si
Bound Bound | Statistic g & tica g
Yes 116 2.1 1.074 0.1 191 2.3
No 51 1.35 0.844 0.118 1.12 1.59
Total 167 1.87 1.065 0.082 1.71 2.04 42.02 0.000 19.55 0.000 23.537 0.000

The findings indicate that perceptions of the ease or complexity
of using information technology in institutions are generally similar
among respondents, with both groups rating the IT use as relatively
easy or simple. The mean scores are 1.27 for those who perceive
IT as easy and 1.18 for those who see it as complex, with an overall

mean of 1.26. Statistical tests, including ANOVA and robust analy-
ses, show no significant difference between the groups (F=0.618,
p=0.359; Brown-Forsythe F=0.878, p=0.433), suggesting a consen-
sus that information technology is generally perceived as accessible
and manageable in the institutions. See Table 10 below.

Table 10: Perceived availability of easy information technology used for data analytics.

Perception of Available Information Technology Being Used in Your Institution Easy or Complex (Adoption)
Test of
Descrip- Homo-
erip geneity | ANOVA Robust Tests of Equality of Means
tive :
of Vari-
ances
95%
Confi-
dence Based | Between
Brown-Forsythe
Std. De- Std. Interval | on Mean | Groups
N Mean viation Error for
Mean
Lower Upper Levene . . Statis- .
Bound Bound | Statistic Sig F Sig. tica Sig.
Yes 150 1.27 0.49 0.04 1.19 1.35
No 17 1.18 0.393 0.095 0.97 1.38
Total 167 1.26 0.481 0.037 1.19 1.34 2.94 0.088 0.618 0.433 0.878 0.359
Discussion consistent with those of Osuszek, et al. [28] who demonstrated that

The findings from this study highlight the critical influence of
technical factors including availability, standardization, user-friend-
liness of data collection tools, and infrastructure on the adoption of
data analytics in maternal health programming. These results are

advanced data analytics could assist institutions in harnessing data
to identify new health diagnoses [28]. Additionally, Madhlangobe, et
al. [29] emphasized that trust in technology is shaped by analytics
capabilities, experience, training, and education levels [29].
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Conversely, the study also reveals significant gaps at the county
and national levels, characterized by insufficient investment in data
analytics tools. Despite the recognized importance of continuous
training, which covers over 40% of health budgets, the technical
capacity remains limited. This is evidenced by the low utilization
of advanced analytics software such as SPSS, R, STATA, and Tableau,
underscoring the need for increased procurement and staff moti-
vation in data analytics competencies. Likewise, the World Health
Organization (WHO) and World Bank (2017) reports indicate sig-
nificant gaps in analytics capabilities in middle- and low-income
countries, including Kenya [30]. These organizations highlight that
many countries lack the necessary knowledge to identify critical
gaps in health coverage. Additionally, Kenya’s health sector has
faced challenges such as inadequate capacity for developing infor-
mation products and utilizing data for decision-making, as detailed
in the Kenya Health Sector Strategic and Investment Plan 2014-
2018 [31]. The study findings corroborated these findings, citing
limited skilled personnel, inadequate tools, and low proportions
of data being analyzed for informed decisions. These challenges
hinder progress toward achieving universal health coverage and
efficient health service delivery. The UN (2019) recommendations
advocate for strengthened national capacity in data collection and
analysis to support evidence-based policy decisions in health [32].

Statistical analysis further emphasizes the importance of data
collection tools, with Levene’s test at 42.454 (p<0.001) and ANO-
VA F-test at 9.984 (p=0.002), indicating significant differences
in the availability and use of data collection tools across settings.
These findings align with Akter, et al. [33], who argued that emerg-
ing data scientists are reshaping traditional data value chains and
decision-making processes [33]. Conversely, some studies, such
as Odhiambo-Otieno (2005), Health Metrics Network (2008), and
MOH (2017), have highlighted that data collection in Kenya is often
hampered by poorly coordinated reporting systems and excessive
reporting demands, despite the proliferation of various data collec-
tion tools [34-36].

Investments in personnel and ICT infrastructure are pivot-
al for advancing data analytics adoption. Kihuba, et al. [37] noted
that developing countries like Kenya are increasingly investing in
e-reporting systems and mobile applications [37]. Our findings
support this, showing that the type of data collection tools that are
available significantly correlate with data analytics capacity. How-
ever, limitations remain such as low staff motivation, insufficient
feedback mechanisms, and weak integration of health information
systems impede effective data utilization. This aligns with reports
from Cheburet and Odhiambo (2016) which documented low levels
of technology use, weak notification systems, and incomplete data
reporting, especially from private healthcare providers [38].

A critical barrier identified is the lack of investment in data ana-
lytics and associated technologies, which adversely affects adoption
rates. Statistical tests (Levene’s statistics = 2.940, p=0.088; ANOVA
F=0.618, p=0.433) indicate that the perception of ease or complex-
ity in using health IT tools varies, but overall, investment remains
inadequate. This situation contradicts behavioural theories such as

Copyright© Pepela Wanjala

Ives and Olson (2008), which posit that user involvement is essen-
tial for successful technology adoption [39]. Resistance to change,
limited motivation, and slow uptake of advanced analytics further
hinder progress, as noted by Laumer, et al. and Akter, et al. [33,40].
Nonetheless, the potential benefits of data analytics improved
health outcomes, enhanced decision-making, and innovative ser-
vice delivery are well documented [41,42]. Recent advancements in
healthcare digitalization, including the Internet of Medical Things,
telehealth, and artificial intelligence, underscore the transforma-
tive potential of data analytics in maternal health. The World Eco-
nomic Forum emphasizes that digital health tools can empower
practitioners, support continuous professional development, and
improve patient outcomes [9]. However, to realize these benefits,
substantial investments in infrastructure, skilled personnel, and
organizational change are essential.

This study underscores the urgent need for increased invest-
ment in data analytics infrastructure, capacity building, and or-
ganizational commitment within Kenya’s health sector. Strength-
ening technical skills among health workers, standardizing data
collection tools, and fostering a data-driven culture are critical
steps toward improving maternal health outcomes. Policymakers
should prioritize integrating advanced analytics into routine health
operations, ensuring sustainable funding, and promoting innova-
tions that leverage emerging digital health technologies. Ultimately,
bridging the gap between current capabilities and potential ben-
efits requires a coordinated effort to enhance both infrastructural
and human resource capacities which is an essential move toward
achieving universal health coverage and improved maternal health
in Kenya.
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