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ABSTRACT
Access to computational training and research-computing mentor-
ship remains uneven across global scientific communities. This pa-
per reports a pilot study of the Center for Computational Research
and Education (CCRE), a training initiative designed to introduce
students and early-career researchers in Africa to computational
research through a staged model of open recruitment, structured
preparation, mentored project work, and reflective evaluation. The
pilot was advertised through LinkedIn, WhatsApp, and Instagram
for more than two months, and 24 applicants registered. Twelve
applicants were selected for a mandatory four-module Google Class-
room preparatory course; six completed all required modules and
advanced to the mentored group-project phase. Evaluation used
pre- and post-program survey summaries from the final cohort.
The pre-program survey had six responses, and the post-program
survey had five responses. Baseline results showed strong motiva-
tion to build practical high-performance-computing (HPC) skills,
connect with a research-computing community, learn collaborative
software practices, and explore computational approaches in partic-
ipants’ domains. They also showed substantial structural barriers:
most respondents reported no prior HPC access and no or limited
formal training in HPC, parallel computing, or research computing.
Post-program respondents gave an average overall rating of 4.20
out of 5, and all five indicated that they would definitely recom-
mend the program. Respondents nevertheless continued to report
barriers related to HPC access, local mentorship, and computing
cost. The CCRE pilot is presented as an educational-practice model
whose principal contribution is a documented and critically eval-
uated pathway for introducing computational research training
under constrained infrastructure and mentorship conditions.
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1 INTRODUCTION
Computational methods are now central to research in engineering,
the physical sciences, the life sciences, climate science, public health,
data science, and artificial intelligence. Modern scientific work in-
creasingly requires the ability to use command-line environments,
version control, remote computing systems, batch schedulers, par-
allel workflows, data pipelines, and reproducible computational
practices. In many research domains, these skills shape the scale of
questions that can be asked and the kinds of evidence that can be
produced. Access to computational training, however, remains un-
even. High-performance-computing (HPC) and research-computing
education require more than hardware. Students need structured
learning pathways, mentors, examples of domain-specific com-
putational research, access to computing environments, and peer
communities that make computational research feel attainable. Ex-
isting work on HPC education identifies persistent challenges in
curriculum design, educator preparation, student access, and the
integration of HPC with contemporary areas such as artificial intel-
ligence and data science [20]. Reviews of scientific-computing, HPC,
and data-science education similarly show growing demand for
research-computing instruction and the need for more systematic
training pathways [19, 24]. These challenges are intensified where
local HPC infrastructure, formal courses, and trained instructors
are limited.

The African context requires particular attention. A systematic
review of computing-education research in Africa found that the re-
gion remains underrepresented in the literature and that published
work is unevenly distributed across countries and topics, with pro-
gramming being the most common topic (43% of 68 studies) [22].
At the same time, African and Africa-oriented HPC initiatives have
demonstrated that capacity building is possible when infrastruc-
ture, training, mentorship, and community formation are treated
together rather than separately [1, 14, 15].Work on sustainable HPC
infrastructure in resource-limited settings further emphasizes that
durable computational capacity depends on governance, mainte-
nance, training, local ownership, and long-term support, not simply
on acquiring computing resources [12].

This paper reports a pilot study of the Center for Computational
Research and Education (CCRE), an initiative designed to introduce
students and early-career researchers in African contexts to com-
putational research. The program was intentionally small and was
not designed to produce large-scale statistical evidence of learning
gains. It was designed to test a practical model for introducing com-
putational training, identify barriers faced by learners, and generate
lessons for future cohorts.
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The central research and practice questions were:

(1) What kinds of learners were reached by an open, social-
media-based recruitment strategy for an Africa-oriented
computational training program?

(2) What baseline barriers to HPC and research-computing par-
ticipation were reported by the final pilot cohort?

(3) How did participants evaluate the program after completing
the mentored-project phase?

(4) Which barriers appeared to remain after the pilot?
(5) What design lessons can be drawn for future computational-

training programs in African contexts?

The primary contribution of this paper is the documentation and
preliminary evaluation of an implementable educational-practice
model for introducing African students and early-career researchers
to computational research.

Specifically, the study contributes: (i) a staged training path-
way connecting open recruitment, application review, structured
preparation, and mentored computational projects; (ii) descriptive
evidence concerning participant motivations, access barriers, sat-
isfaction, and perceived instructional value; and (iii) practical im-
plementation lessons for future computational training initiatives
operating under infrastructure, connectivity, and mentorship con-
straints.

The study does not claim that the structural barriers identified are
newly discovered, nor does it establish that the training intervention
producedmeasurable technical proficiency gains. Rather, it provides
an early feasibility and educational-practice account that can inform
the design and systematic evaluation of larger future cohorts.

2 RELATEDWORK
2.1 HPC and Research-Computing Education
HPC education lies at the intersection of computer science, domain
science, systems knowledge, and practical workflow training. Raj
et al. describe HPC education as a field facing curricular, institu-
tional, and pedagogical challenges, including the need to define
competencies, support educators, and connect HPC learning to
artificial intelligence, data science, and contemporary computing
education [20]. Ponce et al. review scientific-computing, HPC, and
data-science training programs and argue that demand for advanced
research-computing instruction has grown substantially, with learn-
ers increasingly seeking data-oriented and interdisciplinary compu-
tational skills [19]. Van Zon et al. similarly document growth and
diversification in scientific-computing training delivered through a
supercomputing center, including participation from nontraditional
computing disciplines [24].

These studies support the premise that computational training
should not be restricted to computer-science majors. Scientists and
engineers increasingly need practical research-computing fluency.
Reviews of HPC foundations for scientists emphasize that domain
researchers often require practical HPC knowledge even when
their formal training is outside computer science [13]. The CCRE
pilot follows this broader direction by targeting learners across
engineering, the physical sciences, computational biology, data-
oriented fields, and related areas.

2.2 Cyberinfrastructure Workforce
Development and Modular Training

Research-computing education is also part of cyberinfrastructure
workforce development. The National Science Foundation’s cyber-
infrastructure learning and workforce-development efforts frame
training as essential to broad use of advanced computational re-
sources across the research community [17]. Landscape studies of
research computing emphasize that access varies widely across
institutions and that less-resourced communities need support to
participate in advanced computational work [5]. Microcredential
and modular training approaches have been proposed as one mech-
anism for widening access to computing education, especially for
learners who need targeted competencies rather than complete
degree programs [6].

The CCRE pilot used a mandatory four-module Google Class-
room sequence before the mentored-project phase. In this pilot, the
module sequence functioned as both a readiness-building mecha-
nism and a participation filter. This design is consistent with broader
movements toward modular, accessible, and scaffolded computa-
tional training. Unlike formal microcredential programs, however,
the pilot did not issue standardized credentials or conduct exter-
nally validated skill assessments. That distinction is important when
interpreting the results.

2.3 African Computing Education and HPC
Capacity Building

The literature on computing education in Africa is growing but
remains uneven. Sanusi and Deriba systematically review general
computing education research, rather than HPC-specific instruc-
tion, and describe an uneven geographical and topical distribu-
tion, including substantial emphasis on programming [22]. Their
review is therefore used here to characterize the broader education-
research landscape, not as direct evidence of HPC training out-
comes or as proof that research-computing education is absent.
More directly relevant African examples include HPC ecosystem-
development and student-cluster training initiatives [14, 15]. Recent
regional work also examines practical ICT-training design and deliv-
ery barriers in universities in South Africa, Cameroon, and Nigeria
[4]. Although that work is not HPC-specific, it provides relevant ev-
idence about instructional implementation in resource-constrained
environments.

Africa-oriented HPC capacity-building efforts provide important
precedents. Abiona et al. discuss the ICTP experience in HPC in-
frastructure setup and training in Africa, emphasizing that capacity
building involves developing people and instructor communities,
not only deploying machines [1]. The HPC Ecosystems Project
provides another model by combining infrastructure deployment,
formal training workshops, and community development across
multiple countries [15]. The South African Student Cluster Com-
petition further demonstrates how selection, training, mentorship,
and authentic technical challenges can support high-level student
participation in HPC [14].

These efforts indicate that African HPC capacity building should
be understood as an ecosystem problem. CCRE contributes to this
literature by documenting a small, project-based, Africa-oriented
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pilot that began with open recruitment and proceeded through
structured preparation into mentored computational project work.

Recent African research-training initiatives provide additional
points of comparison for the CCRE model. BioStruct-Africa de-
scribes a community-driven framework integrating computational
structural biology, AlphaFold-enabled research, sustained mentor-
ship, and long-term workforce development [2]. Its proposed train-
ing targets represent program ambitions rather than independently
demonstrated educational outcomes.

A capacity-strengthening initiative involving six East African
Community partner states similarly describes practical technical
instruction, including introductory HPC exposure, together with
training-of-trainers and follow-up support [18].

Although these initiatives address different scientific domains
and institutional settings, they illustrate complementary approaches
to computational capacity building. Their emphasis on practical
research engagement, local instructor development, and sustained
institutional support reinforces the need to connect short-term
training with longer-term research capacity.

The CCRE pilot adds an implementation-level account of an open-
recruitment, staged-preparation, and mentored-project pathway.
Its contribution is therefore the documentation of a potentially
adaptable educational practice rather than evidence of superior
learning outcomes or large-scale program effectiveness.

2.4 Project-Based Learning, Active Learning,
and Mentorship

The CCRE pilot included foundational HPC training sessions and a
final phase centered on mentored group projects. This design aligns
with evidence that active learning improves outcomes in science,
technology, engineering, and mathematics compared with lecture-
only approaches [11]. Project-based and hands-on computational
training are especially important in HPC education because many
key competencies are procedural and contextual: learners must
understand concepts and learn how to work in real computational
environments.

Mentorship is also central. Studies of STEM mentorship show
that high-quality mentoring and research experiences can support
science identity, efficacy, values, and integration into scientific com-
munities, especially for students from underrepresented groups
[3, 9, 21]. For CCRE, mentorship should therefore be interpreted
not only as technical troubleshooting but also as a mechanism for
supporting research identity, belonging, and persistence in compu-
tational research.

2.5 Training Evaluation and Pilot-Study
Reporting

Training programs are often evaluated using models that distin-
guish satisfaction from learning, behavior, and longer-term results.
The Kirkpatrick model, for example, separates evaluation into reac-
tion, learning, behavior, and results [16]. This distinction is impor-
tant for the present pilot. The available CCRE data support claims
about reaction, perceived value, baseline barriers, and intended
future use.

Pilot studies are best used to examine feasibility, acceptabil-
ity, process, implementation, and measurement procedures before

larger-scale evaluation [8, 23]. The CCRE pilot should therefore be
interpreted as an early program evaluation and educational-practice
report. Its value lies in documenting the model, identifying barriers,
and refining future implementation rather than proving definitive
effectiveness.

3 PROGRAM CONTEXT
The Center for Computational Research and Education was devel-
oped to provide structured exposure to computational research,
HPC, artificial-intelligence-enabled workflows, and collaborative
scientific computing. The pilot focused on learners motivated to
engage with computational research but who often lacked local
access to HPC systems, formal training, mentors, or peers working
in the area.

Recruitment relied on open advertisement through LinkedIn,
WhatsApp, and Instagram over more than two months. Social-
media recruitment was intentional because it allowed the program
to reachmotivated learners beyond a single classroom or institution.
The application review record documented 24 applicants.

The program aimed to select a smaller group for deeper prepara-
tion and mentorship. Selection considered motivation, application
fit, programming experience, prior HPC exposure, teamwork ex-
perience, availability, academic stage, gender representation, and
institutional or external balance. Twelve applicants were selected
for the mandatory Google Classroom preparatory stage. Six com-
pleted all four required modules and advanced to the final pilot
cohort. Figure 1 summarizes the pathway.

Figure 1: Staged pathway used in the CCRE pilot.

4 PROGRAM DESIGN
The CCRE pilot was organized around four design principles:
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(1) Access: widen entry into computational research by recruit-
ing beyond traditional local classroom channels.

(2) Preparation: provide a structured preparatory sequence
before intensive project work.

(3) Mentored practice: move participants from exposure to
application through group projects and mentor support.

(4) Community and identity: help participants see themselves
as part of a research-computing community.

These principles are consistent with literature on HPC education,
cyberinfrastructure workforce development, active learning, and
mentorship [5, 9, 11, 19, 20]. Table 1 maps program components to
intended outcomes and available evidence. This mapping connects
the evaluation items to program objectives rather than treating the
post-program instrument as a generic satisfaction survey.

5 EVALUATION METHODS
The pilot evaluation used pre- and post-program survey summaries.
The pre-program survey was completed by six respondents cor-
responding to the final cohort that advanced into the pilot pro-
gram. The post-program survey was completed by five respondents.
Survey items addressed academic background, disciplinary back-
ground, prior HPC access, prior training, motivations, barriers,
confidence in computational skills, research identity, satisfaction
with program components, perceived impact, internet and connec-
tivity constraints, intended future use of skills, and willingness to
recommend the program.

The evaluation was descriptive. Because the sample was small
and the available summaries did not confirm paired individual-level
responses, inferential statistical tests were not conducted. Counts
and percentages are reported where the survey summaries provide
sufficient information. Results are interpreted as evidence about
feasibility, acceptability, perceived value, and remaining barriers
rather than definitive evidence of technical mastery.

The analysis drew on three program documents: a pre-program
survey summary with six responses, a post-program survey sum-
mary with five responses, and an internal application-evaluation
document describing review criteria and potential participants. The
internal document contained personally identifiable applicant infor-
mation. This paper therefore reports only aggregate or procedural
information. Applicant names, personal motivations, and identifi-
able background details are not reported.

The evaluation drew on four complementary sources of evidence,
summarized below.

• Pre-program survey (𝑛 = 6): The survey documented par-
ticipants’ academic and disciplinary backgrounds, prior ac-
cess to HPC resources, previous formal training, motiva-
tions for participation, and perceived barriers to computa-
tional research. Self-reported technical confidence covered
Linux command-line navigation, remote HPC login, batch-
job scripting, job scheduling, parallel or distributed comput-
ing, and Git version control. Research identity and partici-
pants’ expectations were also assessed.

• Post-program survey (𝑛 = 5): The survey examined overall
satisfaction, perceived usefulness of training components,
internet connectivity challenges, technical confidence, re-
search identity, intended future use of computational skills,

remaining barriers, overall program rating, and willingness
to recommend the program. These responses reflect partici-
pants’ perceptions and intentions rather than independently
verified learning outcomes.

• Application-evaluation records: Internal program docu-
mentation recorded application-review criteria, participant
selection, and progression through the preparatory phase.
These records supported description of the recruitment and
completion pathway but did not establish the reasons indi-
vidual applicants failed to complete the required modules.

• Mentored group-project descriptions: The program doc-
umented two interdisciplinary computational projects: a
machine-learning surrogate for reactor thermal-hydraulic
analysis and a brain-tumorMRI classificationworkflow. These
descriptions illustrate the nature of project-based computa-
tional activities but do not provide independently audited
evidence of individual technical proficiency.

The evaluation was descriptive. Because the final cohort com-
prised only six participants, with five post-program respondents,
the findings should not be generalized to the broader population of
African students or early-career researchers. Furthermore, individual-
level pre- and post-program survey responses were not confirmed
as paired. Consequently, differences between the two survey sum-
maries cannot be interpreted as measured within-person learning
gains. No inferential statistical tests or causal-effect estimates were
performed.

6 RESULTS
6.1 Recruitment and Participation Funnel
The program advertised through LinkedIn, WhatsApp, and Insta-
gram over more than two months. The application-review record
documented 24 applicants. Twelve were selected for the Google
Classroom preparatory stage, and six completed all four required
modules and formed the final pilot cohort.

Figure 2: Recruitment, preparation, and participation funnel.
Percentages are relative to the 24 documented applicants.

The program generated broader interest than it could intensively
support, and progression into the final cohort required completion
of preparatory work. As shown in Figure 2, 24 applicants were
recorded, 12 were selected for the mandatory preparatory stage,

Journal of Computational Science Education Volume 17, Issue 2

November 2026 13



Table 1: CCRE training components, intended outcomes, and available evidence.

Component Intended outcome Available evidence

Social-media recruitment Reach motivated learners beyond a single institution or formal
course

Recruitment record; pre-survey source-of-
awareness item

Application review Select applicants with strong motivation, availability, and
readiness for project-based training

Internal selection document

Google Classroom modules Establish baseline preparation and identify participants able
to complete required asynchronous work

Module completion; final cohort size

Foundational technical sessions Build confidence in Linux, remote computing, job scheduling,
scripting, and version control

Pre- and post-program confidence items

Mentored group projects Move from passive exposure to applied computational work Post-survey impact item; reactor-safety Streamlit
tool; MRI classification and Grad-CAM tool

Office hours and troubleshooting Reduce technical barriers and support persistence Post-survey satisfaction item
Guest research sessions Expose participants to computational-research pathways and

community
Post-survey satisfaction item

Final presentation and closeout Develop research communication and accountability Post-survey satisfaction item; project presentations

and six completed all four modules and advanced to the mentored-
project phase. Thus, one quarter of documented applicants entered
the final pilot cohort.

The available records do not establish why some selected ap-
plicants did not complete the required modules. Future cohorts
should track module-level completion, time burden, connectivity
constraints, and reasons for withdrawal to distinguish barriers to
participation from other causes of attrition.

6.2 Application Review and Baseline
Characteristics

Table 2 summarizes the dimensions considered during the application-
review process. The internal evaluation document indicates that
review criteria included motivation, application fit, programming
experience, prior HPC exposure, teamwork experience, availability,
gender representation, and academic or career stage. These crite-
ria highlight a design tension for future computational capacity-
building programs. Intensive mentorship requires selecting par-
ticipants with the readiness and availability to persist, whereas
the broader capacity-building objective also requires expanding
opportunities for learners with limited prior exposure to HPC.

Table 3 summarizes academic level, disciplinary background,
prior HPC access, and prior formal training among the six pre-
program respondents.

The final cohort was interdisciplinary and mostly lacked prior
access to HPC systems. Five of six respondents reported no previ-
ous access to an HPC cluster or supercomputing resource, while
one reported access through an external program or grant. Three
reported no formal training, two reported partial exposure, and one
reported an online course or workshop. No respondent reported
completing a full university course in HPC, parallel computing, or
research computing.

Participants reported strong motivation across technical, com-
munity, and professional dimensions. Table 4 summarizes their
selected goals.

These motivations show that participants sought technical in-
struction, community, collaborative software practice, and path-
ways into computational research. This supports the decision to

design CCRE as amentored cohort rather than a one-timeworkshop.
Figure 3 summarizes the barriers reported by respondents before
and after the program. The pre-program survey showed substantial
barriers to HPC learning. All six respondents reported a lack of
local instructors or mentors with HPC expertise. Five reported lack
of access to HPC systems and the cost of cloud or commercial com-
puting resources. Four reported a lack of a structured curriculum
and a lack of nearby peers working in the area.

These findings are consistent with literature emphasizing that
computational capacity requires training, infrastructure, mentor-
ship, and communities of practice [1, 5, 12]. Because the pre-program
survey included six respondents and the post-program survey in-
cluded five respondents, the two distributions should be interpreted
as separate descriptive summaries rather than paired measurements
of individual change.

6.3 Post-Program Satisfaction and Perceived
Value

The post-program survey received five responses. As summarized
in Table 5, respondents gave the program an average overall rating
of 4.20 out of 5. Four respondents assigned a rating of 4, while
one assigned a rating of 5. All five respondents indicated that they
would definitely recommend the program to a colleague or peer.

These findings suggest favorable participant reactions within
the small responding cohort. However, satisfaction and recommen-
dation responses should not be interpreted as objective evidence of
technical skill acquisition or long-term research capacity develop-
ment.

These results support a claim of high acceptability and perceived
value but do not establish technical mastery. In the Kirkpatrick
framework, the data primarily represent reaction and perceived
usefulness, not independently measured learning, behavior change,
or long-term institutional impact [16]. Table 6 presents respondents’
assessments of the program components that contributed most
strongly to their perceived learning experience.

Two of the five respondents selected working on the team project
using real HPC resources as the component with the greatest im-
pact. Foundational technical sessions, peer collaboration and team

Volume 17, Issue 2 Journal of Computational Science Education

14 November 2026



Table 2: Application review criteria used in the CCRE pilot.

Criterion Role in selection

Motivation and fit Primary criterion for identifying applicants aligned with computational-research training
Programming experience Readiness indicator for technical participation
Prior HPC exposure Background indicator; lack of exposure did not automatically exclude applicants
Teamwork experience Indicator of readiness for mentored group projects
Availability Feasibility criterion for participation in a time-bound pilot
Gender representation Broadening-participation consideration during review
Academic or career stage Tie-breaker, with attention to undergraduate and master’s-level applicants
Institutional or external balance Consideration of institution-linked and external applicants

Table 3: Baseline characteristics of pre-program survey respondents (𝑛 = 6).

Domain Category Count

Academic level Undergraduate student 3
Master’s student 1
PhD student 0
Early-career researcher or postdoctoral scholar 2
Other 0

Disciplinary background Engineering 3
Physical sciences 1
Computational biology or bioinformatics 1
Other 1
Computer science or software engineering 0
Mathematics or statistics 0
Data science, artificial intelligence, or machine learning 0

Prior HPC access No prior access 5
External program or grant 1
University-provided access 0
Cloud-platform access 0

Prior formal training No formal training 3
Partial exposure 2
Online course or workshop 1
Full university course 0

Table 4: Goals for joining the CCRE pilot (𝑛 = 6).

Goal Count

Build practical HPC skills for research 6
Connect with a research-computing community 6
Learn collaborative software practices 6
Explore computational approaches in the participant’s
domain

6

Strengthen a CV or graduate-school application 5
Other 0

dynamics, and mentor feedback and guidance were each selected
by one respondent. Guest-researcher talks were not selected as
the single most impactful component by any respondent. These
responses provide preliminary insight into which activities par-
ticipants valued most, but the very small sample prevents robust
comparisons among instructional components.

Table 5: Post-program satisfaction and recommendation re-
sults (𝑛 = 5).

Measure Result

Post-program survey respondents 5
Average overall program rating 4.20/5
Respondents giving a rating of 4 4
Respondents giving a rating of 5 1
Respondents who would definitely recommend the
program

5/5

This result supports one of the pilot’s central design claims: com-
putational training should move beyond passive exposure into men-
tored practice. The finding aligns with active-learning evidence in
STEM education and HPC-education literature emphasizing hands-
on practice [7, 10, 11].

Internet connectivity remained a relevant participation con-
straint. As shown in Table 7, three of the five post-program re-
spondents reported moderate internet issues that caused them to
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Figure 3: Reported barriers to HPC learning in the pre- and post-program surveys. Because the surveys had different denomina-
tors and responses were not confirmed as paired, the values should be interpreted descriptively rather than as individual-level
change.

Table 6: Program aspect reported as having the greatest im-
pact on learning (𝑛 = 5).

Aspect Count

Team project using real HPC resources 2
Foundational technical sessions 1
Peer collaboration and team dynamics 1
Mentor feedback and guidance 1
Guest-researcher talks 0

miss some sessions or content. One respondent reported minor con-
nectivity issues without substantial participation effects, while one
reported no connectivity problems. No respondent reported severe
connectivity difficulties that substantially prevented participation.

This connectivity-impact measure is distinct from the general
barriers checklist reported in Figure 3. The two questions therefore
capture related but different aspects of participants’ experiences.

Connectivity did not prevent completion among the post-survey
respondents, but it affected participation for a majority. Future co-
horts should therefore provide asynchronous backups, download-
able materials, low-bandwidth options, and structured catch-up
mechanisms.

Table 8 summarizes how respondents expected to use what they
learned.

These results indicate strong intended transfer, but they remain
statements of intent. A stronger future evaluation should track

Table 7: Reported effect of internet connectivity on partici-
pation (𝑛 = 5).

Connectivity effect Count

Moderate issues; missed some sessions or content 3
Minor issues; participation not significantly affected 1
No issues 1
Significant issues; participation substantially limited 0

Table 8: Intended future use of CCRE skills (𝑛 = 5).

Intended use Count

Include the experience in graduate-school applications 5
Apply to future HPC programs or internships 5
Apply HPC methods to current research or coursework 4
Share knowledge with peers or teach others 4
Contribute to HPC capacity at the participant’s institu-
tion

2

Pursue a role in research computing or data science 1

whether participants subsequently use HPCmethods in coursework
or research, apply to programs, mentor peers, contribute to local
capacity, or produce computational-research outputs.

Table 9 compares pre- and post-program barrier reports. Because
the pre-survey had six respondents and the post-survey had five,
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both counts and percentages are shown. Because responses were
not confirmed as paired, differences should not be interpreted as
measured individual-level change.

The proportion reporting a lack of structured curriculum was
lower in the post-program summary, while access, mentorship, and
cost remained highly prevalent. These descriptive comparisons
suggest that the program may have helped address the need for
a structured learning path, but the data do not establish causality
or individual-level change. The findings clarify the scale of the
problem: training programs can create exposure and structure, but
durable computational capacity requires sustained infrastructure
access, local mentor development, and affordable computing path-
ways.

6.4 Applied Project Outcomes
The six participants were divided into two groups, each tasked
with executing an end-to-end computational project using HPC
resources and machine-learning workflows.

The first group developed a machine-learning surrogate model
for steady-state thermal-hydraulic safety analysis of a 10 MW Ma-
terial Testing Reactor. Using an HPC-generated database of 1,000
samples from the PLTEMP/ANL v4.3 simulation code, the team eval-
uated Random Forest, Gradient Boosting, and feedforward neural-
network models. The group identified Gradient Boosting as the
most accurate of the evaluated surrogate approaches and deployed
the model through an interactive Streamlit graphical interface in-
tended to support rapid safety assessments without rerunning the
computationally expensive source simulations.

The second group developed an automated brain-tumour clas-
sification tool using magnetic-resonance images. The group used
two-phase transfer learning to fine-tune EfficientNetB3, VGG16,
and DenseNet121 convolutional-neural-network architectures. The
resulting ensemble was deployed through a web application with
Grad-CAM heatmaps that visualized image regions influencing the
model’s classifications.

These group artifacts show that, with mentor support, the co-
hort participated in end-to-end computational work extending from
foundational workflow preparation to model training, comparison,
and web deployment. The evidence does not independently estab-
lish each participant’s technical mastery or individual contribution.

7 DISCUSSION
7.1 A Staged Model for Computational Training
The CCRE pilot provides preliminary evidence of the feasibility and
acceptability of a staged model for introducing computational train-
ing in African contexts. The model begins with open outreach, pro-
ceeds through application review, uses mandatory asynchronous
preparation to establish baseline readiness, and advances partici-
pants who complete the preparation into mentored group projects.
This structure differs from a one-time workshop.

The recruitment funnel may reflect time constraints, module
difficulty, internet access, competing obligations, or other factors,
but the available data do not identify the reasons. Future programs
should collect process data on module engagement, missed sessions,
reasons for noncompletion, and participant time burden.

The post-program survey suggests that applied project work
was an important component of the experience. Working on a team
project using real HPC resources was the most frequently selected
high-impact component, although it was chosen by only two of the
five respondents. This finding is consistent with evidence that ac-
tive learning can improve STEM outcomes and that computational
skills are best learned through practice [11]. In HPC education,
learners need to interact with computing environments, scripts,
errors, queues, dependencies, filesystems, and collaboration tools
that cannot be learned fully through lectures alone.

Future cohorts should preserve and strengthen the group-project
phase. The completed artifacts show that the cohort, with mentor
support, participated in domain-specific computational work in-
volving a thermal-hydraulic surrogate model with Streamlit and
an MRI-classification ensemble with Grad-CAM visualization. Fu-
ture evaluations should assess such artifacts through a structured
rubric and should distinguish team-level products from individual
learning outcomes.

The survey summaries also show that mentorship is not periph-
eral. All six pre-program respondents reported a lack of local in-
structors or mentors with HPC expertise, and all five post-program
respondents identified the same barrier. This finding is consistent
with mentorship literature showing that mentoring can support
research identity, belonging, and integration into scientific commu-
nities [3, 9, 21].

For CCRE, mentorship should be treated as infrastructure. A
program that depends on a small number of expert mentors will be
difficult to scale. Future cohorts could use a tieredmentorshipmodel
in which alumni serve as peer mentors for subsequent cohorts. Over
time, this could help transform CCRE from a training program into
a distributed community of practice.

The most important structural finding is that barriers related to
HPC access, local mentorship, and computing cost remained highly
prevalent after the program. The pilot created perceived value while
revealing limits that a short training intervention cannot resolve.
Sustainable HPC capacity in resource-limited settings depends on
access, maintenance, governance, training, and local ownership
[12]. Future CCRE work should therefore combine training with
partnerships for compute access, institutional support, and mentor
development.

7.2 A Practical Framework for Future Cohorts
Based on the pilot results, four pillars are proposed for future
computational-training efforts in African contexts:

(1) Access: provide learners with exposure to real computa-
tional environments and workflows.

(2) Preparation: use structured modules to establish baseline
readiness before intensive project work.

(3) Mentored practice: organize learners into projects with
technical and research mentorship.

(4) Sustainability: build alumni mentorship, institutional part-
nerships, and longer-term compute access.

This framework is grounded in both the pilot data and literature
on HPC education, cyberinfrastructure workforce development,
active learning, and mentorship [5, 9, 11, 20].
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Table 9: Reported barriers before and after the CCRE pilot. Percentages use the relevant survey denominator.

Barrier Pre count Pre % Post count Post %

Lack of access to HPC systems 5/6 83.3% 5/5 100.0%
No local instructors or mentors with HPC expertise 6/6 100.0% 5/5 100.0%
Cost of cloud or commercial computing resources 5/6 83.3% 5/5 100.0%
Lack of a structured curriculum or learning path 4/6 66.7% 1/5 20.0%
No peers working in this area nearby 4/6 66.7% 3/5 60.0%
Unreliable internet connection 1/6 16.7% 1/5 20.0%
No significant barriers 0/6 0.0% 0/5 0.0%

8 LIMITATIONS
This pilot has several important limitations.

First, the sample size was small: the pre-program survey had six
responses, and the post-program survey had five. Results should
therefore be interpreted descriptively rather than inferentially.

Second, the available survey summaries do not confirm paired
individual-level responses. Without anonymous identifiers linking
pre- and post-program responses, individual-level change cannot
be measured reliably.

Third, the evaluation relies heavily on self-report. Participants
reported satisfaction, perceived value, confidence, and intended
future use, but the pilot did not include an independent assessment
of technical skill.

Fourth, the survey summaries do not provide raw item-level data
for all Likert-scale constructs. Exact means and changes for each
confidence or identity item should be calculated only from verified
raw survey exports.

Fifth, attrition occurred between registration, selection, module
completion, and final participation. The current data document the
funnel but do not explain why selected participants did or did not
complete the preparatory modules.

Sixth, the final cohort was selected rather than randomly sam-
pled. This was appropriate for a pilot program but limits generaliz-
ability.

Seventh, long-term outcomes are unknown. The post-program
survey captures intended future use, not whether participants sub-
sequently used HPC in research, applied to programs, published
work, mentored peers, or contributed to institutional capacity.

Eighth, the small cohort creates privacy risks. Reporting should
avoid identifiable combinations of country, institution, academic
stage, field, and personal motivation unless explicit consent permits
their disclosure.

9 RECOMMENDATIONS FOR FUTURE
IMPLEMENTATION

The pilot suggests five concrete improvements:

(1) Use anonymous participant identifiers. Link future pre-
and post-program surveys through anonymous identifiers so
that individual-level change can be analyzed without com-
promising privacy.

(2) Trackmodule analytics. Record module starts, completion,
quiz scores, time to completion, and reasons for noncomple-
tion where possible.

(3) Provide low-bandwidth alternatives. Record sessions,
provide downloadable slides and materials, and design as-
signments that can be completed under intermittent connec-
tivity.

(4) Develop alumni pathways. Invite participants who com-
plete the program to mentor future cohorts, lead focused
sessions, or maintain project repositories.

(5) Secure institutional and compute partnerships. Pursue
partnerships with universities, national laboratories, cloud-
credit programs, HPC centers, and research networks.

10 CONCLUSION
This paper presented a pilot study of the Center for Computational
Research and Education, an initiative designed to introduce stu-
dents and early-career researchers in African contexts to computa-
tional research, HPC, artificial-intelligence-enabled workflows, and
collaborative scientific computing. The pilot used a staged model
consisting of open social-media recruitment, application review,
mandatory Google Classroom preparation, selective progression
into a final cohort, mentored group projects, and post-program
evaluation.

Final-cohort respondents were highly motivated but had limited
prior HPC access and formal training. Post-program respondents
rated the program highly and unanimously indicated that they
would recommend it. The team-project component using real HPC
resources was the most frequently selected high-impact aspect. At
the same time, respondents continued to report barriers related to
HPC access, local mentorship, and cost.

The main lesson is that computational training in African con-
texts should be designed as an ecosystem rather than a one-time
workshop. Training can provide structure, exposure, perceived
value, and community, but durable capacity requires sustained
computing access, mentor development, institutional partnerships,
and pathways for alumni to support future learners. The CCRE pilot
is therefore best understood as a practical and critically evaluated
model for developing a future phase of computational-research
training.
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