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Abstract

Artificial intelligence (AI) is transforming healthcare; however, equitable access to AI 
training remains limited, particularly in low- and middle-income countries, where digital 
infrastructure and technical training opportunities are limited. The AI Catalyst for Global 
Health course was developed as a free, easily accessible, virtual course to provide founda-
tional AI literacy and ethical awareness for a globally diverse audience, with an emphasis 
on underserved settings. We collected baseline participant demographics using a pre-
course survey and evaluated participation, engagement and educational impact using 
weekly post-lecture surveys and a final post-course survey incorporating a retrospec-
tive pre–post design. Survey items assessed confidence in explaining core AI concepts 
and evaluating ethical implications, as well as the perceived feasibility of applying AI 
approaches, likelihood of future application, perceived barriers and open-ended reflec-
tions on course content and impact. A total of 63 participants from 12 countries com-
pleted the survey, including healthcare providers (41%), students (24%), researchers or 
academics (22%) and professionals in technology, policy or other roles (13%). Confidence 
in explaining AI concepts increased from 2.68 ± 1.22 (retrospective pre-course) to 4.22 
± 0.75 (post-course) (t(62) = 9.84; p < 0.001; dp = 1.24), while confidence in evaluating 
ethical implications increased from 2.68 ± 1.28 to 4.27 ± 0.70 (t(62) = 9.58; p < 0.001; dp 
= 1.21). Participants rated the feasibility of applying AI as 3.86 ± 0.93 and the likelihood 
of applying AI insights within the next 12 months as 4.29 ± 0.87, with strong agree-
ment that AI has the potential to reduce global health inequities (4.40 ± 0.64). The most 
reported barriers to AI adoption were funding limitations (43%), limited technical capacity 
(21%) and lack of stakeholder awareness (16%). Qualitative analysis highlighted collabo-
ration, efficiency and the importance of sustained AI education. These findings suggest 
that accessible virtual education can meaningfully strengthen self-reported AI literacy 
and ethical awareness, supporting capacity building for global health and oncology in 
resource-limited settings.

Keywords: artificial intelligence, global health, medical education, health workforce, oncol-
ogy, developing countries, digital health, ethics

Introduction

Artificial intelligence (AI) is rapidly integrating into healthcare holds promise for improv-
ing diagnosis, treatment planning and health system management [1]. AI is changing how 
health services are delivered in many high-income settings, particularly in specialties such 
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as radiology and pathology, enabled by the availability of large datasets and advanced analytical methods [2–4]. These developments have 
raised hopes that AI might also address health challenges in low- and middle-income countries (LMICs), including workforce shortages and 
weak public health surveillance systems that are exacerbating morbidity and mortality in these countries [5–9].

Despite its promise, equitable access to AI education and training remains a major global challenge, particularly in LMICs where digital infra-
structure, technical expertise and institutional capacity are often limited [10–13]. Most AI health applications are developed in high-income 
countries, resulting in curricula and tools that may not address local needs and disease burdens [10]. As a result, professionals in LMICs may 
be excluded from participating fully in the global digital transformation of healthcare, potentially widening existing disparities. The risk of 
algorithmic bias and structural inequities further underscores the need for culturally sensitive, context-aware and equity-focused educational 
approaches [13–15].

Recognising these disparities, the global health community, including major donor agencies and international organisations, has emphasised 
the importance of inclusive digital transformation. Both the World Health Assembly and the United Nations have called for universal access 
to digital networks and digitally enabled health services by 2030 [9]. Achieving these goals will depend not only on technology transfer but 
also on equitable and globally accessible education in AI and digital health.

Properly implemented, AI can play a transformative role in global health by supporting diagnostic decision-making, improving early disease 
detection and optimising resource allocation in resource-constrained settings. However, deploying AI responsibly requires more than tech-
nological readiness. It requires educational capacity building, ethical literacy and local ownership of AI resources. Without these factors, AI 
risks reinforcing, rather than reducing, existing health inequities [9,13].

The Global Oncology University (GO-U) has established a collaborative education model designed to provide free, high-quality medical 
education to learners worldwide. Building on this foundation, the AI Catalyst for Global Health course was created to empower participants 
across diverse regions with a foundational understanding of AI principles and their practical applications in healthcare. The course focused 
initially on core AI concepts and later expanded to address disparities in healthcare access and outcomes, particularly in oncology and other 
areas where inequities remain most pronounced.

Although interest in AI for health has surged globally, few studies have evaluated the implementation and educational impact of AI-focused 
training programs tailored to LMIC contexts. There remains a gap in understanding how such programmes influence learner engagement, 
confidence and perceived utility [11,16]. Therefore, this study aims to evaluate the feasibility, effectiveness and participant perceptions of 
the AI Catalyst for Global Health course, providing insights into how AI education can be effectively integrated into global health capacity-
building efforts for a globally diverse audience, with an emphasis on LMIC learners.

Methods

Study design and course overview

This was an educational evaluation using quantitative and qualitative survey analysis to assess participation metrics, learner feedback and 
perceived outcomes from the AI Catalyst for Global Health course. The course was delivered virtually between July and September 2025 as an 
8-week, 12-hour webinar series, followed by one concluding session. Each session included expert-led lectures, case-based discussions and 
interactive question-and-answer components. 

Course objectives and curriculum

The course was developed by the GO-U as part of its mission to provide access to free, high-quality medical and technological education 
globally. The course objectives were to (1) introduce fundamental concepts of artificial intelligence and machine learning in healthcare; (2) 
demonstrate practical examples of AI applications in diagnostics, oncology and health-system management; (3) promote understanding of 
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ethical and equity considerations in AI deployment; and (4) encourage participants to conceptualise AI-driven solutions aimed at improving 
healthcare access and outcomes within their local settings.

Weekly sessions focused on key themes such as AI foundations, data ethics, AI in cancer care, AI for global health systems and community-
centred innovation. The final session included a post-course survey incorporating a retrospective pre–post design, in which participants rated 
their confidence before and after course completion.

Participants, recruitment and requirements

The course was open to students, healthcare professionals, researchers and policymakers from any country. Recruitment was conducted 
through GO-U’s global education network, professional associations and social media platforms, with targeted outreach to LMIC regions.

Eligibility for inclusion in the final analysis required participation in at least 70% of course sessions, attendance at the final session and com-
pletion of the post-course survey. To promote equitable participation across time zones and geographic regions, attendance was defined as 
either live participation in virtual sessions or asynchronous viewing of recorded lectures accompanied by completion of a short post-lecture 
survey, which served as a mechanism for attendance verification. 

In total, 168 participants attended at least one live session, and 64 of these participants met the criteria and completed the final survey; one 
response was excluded due to incomplete data, resulting in a final analytic sample of 63 participants. This study was designed as an explor-
atory educational programme evaluation and utilised a convenience sample of course participants. Therefore, a formal a priori sample size 
calculation was not performed. The final analytic sample consisted of all eligible participants who completed the course requirements and 
post-course survey.

Data collection

Participant data were collected using multiple survey instruments administered throughout the course.

a.	 A brief pre-course survey was administered prior to the first session to collect baseline demographic information, including partici-
pant name, email address, country of residence and professional role. These data were collected for administrative and descriptive 
purposes only and were not used in outcome analyses.

b.	 Brief post-lecture surveys consisting of open-ended questions were distributed after each session to verify attendance and to collect 
formative feedback regarding participants’ interest and key learning points from each lecture. 

c.	 A structured post-course survey was administered during the final session. This survey incorporated a retrospective design in which 
participants rated their confidence before and after course completion. Survey items assessed demographic characteristics, self-
reported prior exposure to AI or machine learning training, confidence in explaining core AI concepts and evaluating ethical implica-
tions, perceived feasibility of applying AI approaches, likelihood of applying AI-related insights, attitudes towards AI’s potential to 
reduce health inequities, perceived barriers to adoption and open-ended reflections on course impact. 

Data analysis 

Quantitative survey data were analysed using descriptive and inferential statistics in Python (version 3.12), and qualitative open-ended 
responses were analysed to contextualise quantitative findings. Paired t tests were conducted to compare the mean confidence scores 
before and after the course for both learning outcomes (AI concepts and ethics). Effect sizes were calculated via Cohen’s d for paired samples, 
and 95% confidence intervals (CIs) were reported for mean differences. For all tests, a p value <0.05 (two-tailed) was considered statistically 
significant.

Single-item variables (feasibility, likelihood of applying AI and agreement that AI can reduce health inequities) were summarised using means, 
standard deviations (SDs), medians, interquartile ranges and 95% CIs. Categorical variables (country of residence, professional role and bar-
riers) were summarised as frequencies and percentages.
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Open-ended responses were analysed a qualitative approach. Two independent reviewers identified and grouped responses into major 
themes, which were refined through consensus. Recurring ideas and concepts were identified directly from the data without the use of a 
predefined coding framework. Representative quotes were selected to represent key insights related to opportunities, challenges and per-
ceived impact.

Ethical considerations

This evaluation was conducted as part of GO-U’s educational improvement initiative and did not require formal institutional review board 
approval. Participation was voluntary, and informed consent was obtained from all respondents prior to survey completion. Identifying infor-
mation collected for administrative purposes was not linked to outcome analyses, and all analyses were conducted on de-identified data. The 
study was conducted in accordance with the principles of the Declaration of Helsinki.

Results

Participant characteristics

A total of 63 participants who met course attendance requirements completed the final post-course survey and were included in the analysis. 
The respondents represented a geographically diverse cohort spanning 12 countries, with the largest representation from Kenya, followed 
by Nigeria and the United States. Smaller numbers of participants were from Kosovo, Tunisia, Spain, Algeria, Cameroon, Australia, Senegal, 
South Africa and India (Table 1).

Table 1. Country of residence of participants (n = 63).

Country of residence n %

Kenya 36 57

Nigeria 11 17

United States 7 11

Kosovo 1 2

Tunisia 1 2

Spain 1 2

Algeria 1 2

Cameroon 1 2

Australia 1 2

Senegal 1 2

South Africa 1 2

India 1 2

Distribution of participants by country of residence 
among respondents who completed the post-course 
survey (n = 63). Percentages are calculated based 
on the total analytic sample. The cohort included 
participants from 12 countries, with the majority 
residing in Kenya and Nigeria.
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Most respondents identified as healthcare providers (26 of 63, 41%), followed by students (15, 24%) and researchers or academics (14, 22%). 
A smaller proportion were engaged in technology or engineering fields (3, 5%), policy or government roles (1, 2%) or other roles (4, 6%). These 
data indicate that participation was driven primarily by individuals in the clinical and academic sectors, with additional engagement from 
technical and policy professionals (Table 2).

Across regions, professional engagement patterns varied. In Kenya, which contributed the largest proportion of participants, healthcare pro-
viders and students accounted for most respondents. The participants from Nigeria showed a more balanced distribution among students, 
researchers and clinicians, whereas the respondents from the United States were primarily researchers or academics. The smaller cohorts 
from other countries were predominantly healthcare professionals and trainees (Figure 1).

Table 2. Professional roles of participants (n = 63).

Professional role n %

Healthcare provider 26 41

Student 15 24

Researcher/academic 14 22

Other 4 6

Technology/engineering 3 5

Policy/government 1 2

Self-reported professional roles of course participants included in 
the final analysis (n = 63). Roles were categorised as healthcare 
providers, students, researchers or academics, technology or 
engineering professionals, policy or government professionals or 
other. Percentages may not total 100% due to rounding.

Figure 1. Map of country of residence of participants. World map depicting the countries of residence of participants who completed the AI Catalyst for 
Global Health course and post-course survey (n = 63). The distribution demonstrates broad international participation, with the majority of participants 
residing in LMICs. Countries are labelled numerically as follows: 1, Kenya; 2, Nigeria; 3, United States; 4, Kosovo; 5, Tunisia; 6, Spain; 7, Algeria; 8, 
Cameroon; 9, Australia; 10, Senegal; 11, South Africa; and 12, India. 
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Changes in confidence

The participants demonstrated statistically significant increases in self-reported confidence based on retrospective pre–post assessments 
following course completion. The mean self-reported confidence in explaining core AI concepts increased from 2.68 ± 1.22 before the course 
to 4.22 ± 0.75 after completion, a mean change of +1.54 points (95% CI, 1.23–1.85; t(62) = 9.84; p < 0.001; Cohen’s dp = 1.24). Similarly, the 
mean confidence in evaluating the ethical implications of AI tools increased from 2.68 ± 1.28 to 4.27 ± 0.70, a mean change of +1.59 points 
(95% CI, 1.26–1.92; t(62) = 9.58; p < 0.001; Cohen’s d = 1.21) (Table 3).

Feasibility, application and perceived impact

The participants reported that applying AI approaches in their work or community settings was feasible, with a mean rating of 3.86 ± 0.93 
(95% CI, 3.62–4.09). The likelihood of applying AI-related insights within the next 12 months was even greater (4.29 ± 0.87; 95% CI, 4.07–
4.50), with most respondents selecting 5 (‘very likely’). The participants overwhelmingly agreed that AI has the potential to reduce global 
health inequities, with a mean rating of 4.40 ± 0.64 (95% CI, 4.24–4.56).

Barriers to AI adoption

Funding limitations were the most frequently reported barrier to implementing AI initiatives, cited by 27 participants (43%). Other common 
obstacles included limited technical capacity (13, 21%) and insufficient stakeholder awareness (10, 16%). Ethical and regulatory concerns (6, 
10%) and restricted access to data (6, 10%) were less common but still notable (Table 4).

Table 3. Changes in self-reported confidence in AI knowledge and ethics.

Measure Mean (SD) before 
course Mean (SD) after course Mean change p-value

Confidence in explaining AI concepts 2.68 (1.22) 4.22 (0.75) +1.54 <0.001

Confidence in evaluating ethical 
implications

2.68 (1.28) 4.27 (0.70) +1.59 <0.001

The data represent self-reported ratings on a five-point scale, where 1 = not confident and 5 = very confident. Retrospective pre-course 
and post-course self-reported confidence ratings among participants (n = 63) using a five-point Likert scale (1 = not confident, 5 = very 
confident). 
Paired t tests were used to assess changes in confidence for explaining core AI concepts and evaluating ethical implications.

Table 4. Reported barriers to adoption of AI (n = 63).

Reported barrier n %

Funding limitations 27 43

Lack of technical capacity 13 21

Lack of awareness among stakeholders 10 16

Ethical/regulatory challenges 6 10

Limited access to data 6 10

Other 1 2

Participant-reported barriers to implementing AI approaches in local 
or professional settings (n = 63). Participants were permitted to select 
more than one barrier; therefore, percentages do not sum to 100%.
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Perceived opportunities for AI

The participants identified multiple areas where AI could strengthen healthcare systems and service delivery. Frequently mentioned oppor-
tunities include disease-outbreak prediction, early cancer detection, improved diagnostics for chronic disease and genomics-based precision 
medicine. The respondents also emphasised AI’s potential to enhance health-data management and to enable smartphone-based diagnostic 
and referral tools tailored to resource-limited environments. 

Qualitative reflections

Thematic analysis of open-ended responses identified three recurrent themes: (1) the importance of collaboration and knowledge exchange 
across disciplines and regions for responsible AI implementation; (2) recognition of AI as a catalyst for efficiency and equity, particularly in 
supporting clinical decision-making and reducing workload; and (3) the need for ongoing education and capacity building to sustain progress 
and mitigate ethical risks. Participants consistently emphasised the value of collaboration, practical applications of AI in healthcare and con-
tinued workforce development. Representative quotations and frequencies of the themes are presented in Table 5

Post-lecture qualitative feedback across course sessions

Across the 8-week course, ~430 open-ended responses were collected through weekly post-lecture surveys, which were used both to 
track attendance and to gather formative feedback on the content and engagement. Responses were reviewed and grouped into categories 
aligned with course objectives. Percentages represent how often a given theme appeared in the open-ended responses.

Table 5. Major themes identified from participant reflections on opportunities for AI in healthcare.

Survey question Theme Approximate 
proportion of 
responses (%)

Representative quote

What opportunities do you see for 
AI to strengthen health systems or 
services in your specific community?

Diagnostics, imaging and 
early disease detection 63

‘AI could help in early detection of diseases, 
particularly chronic illnesses, reducing 
morbidity and mortality’.

Healthcare access, 
telemedicine and service 
delivery

24
‘Integrating AI in providing remote medical 
services and consultations’.

Workflow optimisation and 
resource management 21

‘AI can improve diagnosis, hospital efficiency 
and management of limited healthcare 
resources’.

Public health surveillance 
and outbreak prediction 11

‘AI can strengthen health systems by 
improving disease surveillance and predicting 
outbreaks’.

Education and workforce 
capacity building

6
‘Clinical decision support and AI-driven 
training’.

Percentages are approximate and may exceed 100% when summed because participants could identify multiple opportunities within a single 
response. Major themes identified from participant reflections on opportunities for AI to strengthen healthcare systems and services. Themes 
were derived through inductive thematic analysis of open-ended survey responses. Frequencies represent the approximate proportion of 
participant responses that mentioned each theme; because individual responses could address multiple concepts, percentages are not mutually 
exclusive. Representative quotations are provided to illustrate each theme.
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Following the introductory sessions (weeks 1–2), ~76% of respondents reported improved understanding of foundational AI concepts, 
including distinctions between AI, machine learning and deep learning, as well as supervised and unsupervised learning paradigms. Many 
participants emphasised that AI was best understood as a tool or catalyst to enhance clinical and public health workflows rather than replace 
human expertise, consistent with the broader themes summarised in Table 5.

Across applied sessions (weeks 3–6), ~75% of respondents highlighted real-world case studies as the most valuable aspect of the course. 
Frequently cited examples included AI-assisted radiotherapy contouring and treatment planning in oncology, mobile microscopy for malaria 
diagnosis and AI-enabled public health surveillance. About 70% of respondents explicitly noted the relevance of these applications to LMIC 
settings, emphasising feasibility and the importance of locally representative data.

Sessions focused on genomics, precision medicine and ethics (weeks 5 and 7) prompted participants’ reflections on responsible AI use. Over 
80% of respondents raised ethical concerns most related to data privacy, algorithmic bias and accountability for AI-related errors.

In later sessions addressing implementation challenges (weeks 6–8), more than 90% of respondents identified at least one barrier to AI 
adoption. The most frequently noted challenges included limited infrastructure, lack of trained personnel, funding constraints, data quality or 
availability and gaps in regulatory or policy frameworks, particularly in resource-limited settings.

Overall engagement was high throughout the course, with over 90% of responses expressing positive or strongly positive feedback regard-
ing course content and delivery. Suggestions for improvement focused primarily on logistical enhancements such as increased interactivity, 
access to lecture slides and longer discussion periods.

Discussion

This educational evaluation demonstrated that the AI Catalyst for Global Health course effectively improved participants’ self-reported confi-
dence and readiness to apply AI principles. Significant gains were observed across both core learning domains, i.e. confidence in understand-
ing AI concepts and evaluating ethical implications with large effect sizes. These findings highlight the potential of virtual, equity-focused 
education to increase global capacity for AI literacy and responsible technology adoption.

Educational impact

The improvement in confidence among participants suggests that structured, interactive online learning can improve foundational under-
standing of AI concepts and related ethical considerations, even among learners with limited prior exposure. Both primary outcomes, con-
fidence in explaining AI and evaluating ethics, showed large and statistically significant increases (Cohen’s d > 1.2).These findings are con-
sistent with prior literature suggesting that structured AI education can improve learner confidence, engagement and preparedness for 
the responsible use of AI in healthcare settings, although direct comparisons across studies should be interpreted cautiously because of 
differences in educational formats, outcome measures and participant populations [16]. Prior work has shown that short, focused training 
programs can substantially improve digital competencies and technology adoption among healthcare workers in LMICs [10,11]. The course’s 
integration of case-based examples and ethical discussions aligns with recommendations from recent AI education frameworks emphasising 
contextual learning and ethical reflection as key components of competency development [14,15].

Global engagement and equity

The geographic and professional diversity of participants supports the course’s reach. Although the participant cohort included individuals 
from both low-, middle- and high-income countries, the majority of respondents were from LMIC settings, particularly Kenya and Nigeria. 
Therefore, the findings should be interpreted as reflecting the overall study cohort while recognising the predominance of LMIC representa-
tion. Previous studies have reported that online, globally networked learning can bridge access gaps in digital and AI-related education across 
resource-limited settings [12].

https://doi.org/10.3332/ecancer.2026.2231
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Barriers and implementation challenges

Despite high levels of engagement and perceived feasibility, participants identified several persistent barriers to AI adoption, including fund-
ing constraints, limited technical capacity and a lack of stakeholder awareness. These findings mirror those of previous analyses highlighting 
infrastructural, policy and data governance challenges as key impediments to equitable AI implementation in LMICs [10,13]. Addressing 
these barriers will require technological investment alongside sustained efforts in workforce training and institutional support for digital 
readiness [13]. The recognition of ethical and regulatory concerns in participant feedback reinforces recent calls to integrate ethics, transpar-
ency and equity frameworks into AI capacity-building efforts [14,15].

Sustaining learning and capacity building

The participants’ high ratings for feasibility (3.86/5) and likelihood of applying AI insights (4.29/5) suggest that the course not only improved 
confidence but also fostered motivation to translate learning into practice. Qualitative reflections emphasise the importance of collaboration, 
efficiency and continuous education, echoing principles from existing models of sustainable digital transformation [17]. The AI Catalyst for 
Global Health course aligns with broader efforts to link education, implementation and policy in AI for health [18].

Limitations

This study has several limitations. First, outcomes were based on self-reported measures, which may not fully capture objective learning 
gains or long-term retention. Second, the retrospective pre–post course design may be subject to recall or response-shift bias; however, this 
approach is commonly used in educational evaluations [19]. Third, participation was voluntary and conducted online, which may introduce 
selection bias towards individuals already interested in AI. Fourth, the lack of a control group limits causal inference. Finally, while the sample 
was geographically diverse, the overall size was modest. Future research should incorporate objective knowledge assessments, longitudinal 
follow-up and evaluations of how training influences real-world practice, innovation and policy outcomes.

Implications and future directions

Despite these limitations, the AI Catalyst for Global Health course represent a scalable and replicable model for broadening access to founda-
tional AI education globally. These findings demonstrate the feasibility of delivering effective AI training through accessible, low-cost online 
platforms to a globally distributed audience, including substantial participation from LMIC settings. Expanding this model with multilingual 
content, localised case studies and regional mentorship networks could further strengthen capacity building and promote equitable partici-
pation in the global digital health ecosystem. 

Conclusion

The AI Catalyst for Global Health course improved participants’ confidence in understanding and ethically evaluating AI applications in global 
health contexts, demonstrating the feasibility and impact of accessible online education for diverse international cohorts. While participants 
were predominantly from LMICs, the findings reflect the overall study population and should be interpreted accordingly. These findings illus-
trate the importance of equitable, context-aware educational models that integrate ethics, collaboration and practical application to prepare 
the global health workforce for responsible AI integration. Scaling such initiatives through partnerships, multilingual content and sustained 
mentorship can further advance health equity and digital capacity worldwide.
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