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Abstract. Federated Learning (FL) enables collaborative, privacy-preserving
Al model development on distributed medical data, which is a critical capability
for equitable AI in heterogeneous, low-resource settings such as Sub-Saharan
Africa (SSA). While FL has been shown feasible for medical imaging in Africa
[1], infrastructure barriers remain poorly characterized before deployment. We
conducted a structured infrastructure assessment across 10 SSA clinical and
research sites from 10 countries, prior to data collection, using a questionnaire
and 1-on-1 interviews with IT personnel, principal investigators, and data man-
agers. Results reveal substantial heterogeneity: imaging formats span DICOM
(50%), non-DICOM (40%), and film (10%); clinical data is digital at 40% of
sites, paper-based at 50%, and mixed at 10%; storage ranges from dedicated
servers to USB drives; and bandwidth spans 1-50 Mbps to over 1 Gbps. Find-
ings are based on a convenience sample of 10 AFRICAI-RI-affiliated sites and
may not generalize beyond this network. To conclude, our assessment provides
a categorical baseline of infrastructure readiness that can inform planning for
federated AI in SSA contexts and similar low-resource settings with compara-
ble infrastructure challenges.
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1 Introduction

Artificial intelligence (AI) models for medical imaging achieve the greatest clinical
impact when trained on diverse, representative datasets. In Sub-Saharan Africa (SSA),
this ambition faces a compound challenge: imaging data are distributed across institu-
tions with heterogeneous hardware, fragmented data workflows, variable connectiv-
ity, and differing digitization standards. Data sovereignty constraints limit centralized
pooling where all data is transferred and stored in a central location. Federated Learn-
ing (FL) [2] offers a solution to this by enabling collaborative model training without
personally identifiable information (PII)/data sharing.

However, the success of any FL. deployment depends not only on algorithmic de-
sign but on the readiness of the underlying research infrastructure at each participat-
ing site. In heterogeneous, low-resource settings, FL is hindered by bottlenecks rang-
ing from incompatible imaging formats and unstable power supplies to absent data
management staff. Despite growing interest in FL for medical imaging in Africa [1,3],
infrastructure barriers have only been described retrospectively, after deployment
problems emerge. FL. on paired medical imaging and clinical data faces significant
challenges compared to tabular or text data due to the complexity of handling multi-
modal information distributed across institutions. Both clinical and imaging data
should first be digitized, anonymized (pseudo-anonymized), and then harmonized to
ensure consistency. Afterwards, the two data sources should be paired and stored to
be remotely accessed by an FL client. A systematic infrastructure assessment is there-
fore essential to ground FL architectures in local realities, quantify harmonization
effort, and enable proactive planning. The closest related work is Asad et al. [3],
which highlights that FL for medical imaging in low-resource settings remains hin-
dered by system heterogeneity, connectivity constraints, and weak data governance.

This study provides an inventory of the medical imaging FL infrastructure readi-
ness of low-resource settings by conducting a systematic infrastructure readiness as-
sessment covering the status of hardware, workflows, and standards at 10 SSA sites.
The results and findings of this paper can serve as a shared baseline reference for
other research groups aiming to deploy federated learning on medical images across
SSA sites.

2 Methods

The assessment was conducted across 10 SSA sites in three sequential steps: (1) ques-
tionnaire design and distribution, (2) structured 1-on-1 interviews, and (3) quantitative
and thematic analysis. The 10 sites were selected as part of the AFRICAI-RI project
[4], a pan-African federated imaging research initiative targeting tuberculosis and
pneumonia detection, which motivated the focus on Chest X-Ray (CXR) modalities
alongside paired clinical records.
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Fig. 1. Methodology workflow, from site selection through convergent quantitative and the-
matic analysis.

The selected sites are: Université Internationale de Dakar et de Thiés (UIDT), Sene-
gal; Medical Research Council Unit The Gambia (MRCG), The Gambia; Delft Imag-
ing Ghana (DIG), Ghana; Nigerian Institute of Medical Research (NIMR), Nigeria;
Centre de Recherches Médicales de Lambaréné (CERMEL), Gabon; Centro de Inves-
tigacdo em Satdde de Manhica (CISM), Mozambique; Kamuzu University of Health
Sciences (KUHES), Malawi; Université de Kinshasa (UNIKIN), DR Congo; Infec-
tious Diseases Research Collaboration (IDRC), Uganda; and Jimma University (JU),
Ethiopia. These sites represent varied linguistic, infrastructure, and healthcare ecosys-
tems.

2.1  Questionnaire Design and Distribution

A structured questionnaire was developed to capture infrastructure readiness for FL
deployment in the SSA context; domains were purpose-built for this study, with the
Cancer Image Europe (EUCAIM) [5] data holder's questionnaire referenced as one
input during design. The first domain covered contact information, identifying per-
sonnel responsible for data management, IT operations, and scientific coordination at
each site. The second domain addressed hardware assessment, including inventorying
existing compute and storage resources (servers, graphical processing units (GPUs)),
network connectivity and bandwidth, power backup systems (e.g. uninterrupted
power supply (UPS), generators), and cooling infrastructure for sites with data cen-
ters. The third domain assessed data workflow and standards adoption, covering exist-
ing practices for data collection, storage, linkage, quality control, de-identification,
and export. This section also checks compliance with imaging standards (DICOM),
clinical data models, and controlled vocabularies (SNOMED-CT [6], ICD-10 [7], and
LOINC [8]). For reporting purposes, standard image formats (JPG, JPEG, PNG, PDF)
are grouped as non-DICOM. Pseudonymization and anonymization are used as de-
fined by the GDPR. Pseudonymization replaces direct identifiers with a code linked to
a lookup table and anonymization irreversibly removes all identifying information.
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Forms were pre-distributed electronically for self-completion ahead of interviews.
The questionnaire is publicly available in Zenodo [11].

2.2 Structured 1-on-1 Interviews

Following questionnaire distribution, a structured 1-on-1 interview was conducted by
two research software engineers and key informants at each of the 10 partner sites: the
site's principal investigator, data manager, and/or IT staff, depending on availability.
Where questionnaire forms had been pre-filled, the interview served to review, clar-
ify, and expand the submitted responses. Where forms had not yet been completed,
the interview was used to collect responses directly. The interviews were semi-struc-
tured and used a predefined set of questions, but follow-up questions were asked
when needed to clarify ambiguities and document constraints not covered by the
questionnaire. Interview notes were recorded in writing during or immediately after
each session.

2.3 Analysis

Responses are analyzed using two complementary approaches. Quantitative analysis
produces frequency distributions across key infrastructure variables to characterize
the infrastructure landscape across the consortium. Thematic analysis draws on quali-
tative summaries from interviews to identify cross-cutting patterns, common chal-
lenges, and site-specific constraints not captured by frequency counts, such as condi-
tional infrastructure dependencies and critical data loss risks.

3 Results

Results are organized into three subsections: hardware infrastructure (Sect. 3.1),
imaging data (Sect. 3.2), and clinical data and workflow (Sect. 3.3). Fig. 2 summa-
rizes the distribution of the most informative variables across all 10 sites: imaging
format (Fig. 2a), clinical data type (Fig. 2b), and storage infrastructure (Fig. 2c). Full
per-site details are provided in Tables 1-3.
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Fig. 2. Distribution of key infrastructure variables across the 10 SSA sites (n = 10). (a) Imaging
format. (b) Clinical data type. (c) Storage infrastructure. CRF: Case Record Form, VM: Virtual
Machine.
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3.1 Hardware Infrastructure

Table 1 provides a full per-site overview of hardware infrastructure. Hardware matu-
rity varied substantially across sites. Network bandwidth is a critical determinant of
FL model exchange feasibility ranging from 1-50 Mbps in 2 sites (20%) to above 1
Gbps in 1 site (10%). Dedicated GPU workstations are available at only 3 sites (30%).
Power supply was stable at most sites, though two reported weekly outages, and one
reported daily outage without UPS. Regarding storage, most sites (60%) rely on local
servers, while two (20%) use external disks, one (10%) uses a cloud virtual machine
(VM), and one (10%) has no dedicated storage infrastructure (Fig. 2c). Most sites
(80%) confirmed contacts with local hardware resellers, which is relevant for procure-
ment planning.

Table 1. Hardware infrastructure per site. GPU: Graphics Processing Unit; PACS: Picture
Archiving and Communication System; HW: Hardware provider; N/A: data not available or

known.
Local
. . Power Stabil- HW
Site Country Storage Bandwidth . GPU
ity Con-
tacts
MRCG The Gambia Local server >200 Mbps Stable Yes Yes
JU Ethiopia Local server >1 Gbps Stable Yes Yes
Cloud Virtual
DIG Ghana i N/A Stable No Yes
Machine
KUHES Malawi External disk ~ 50-100 Mbps ~ Weekly outages No No
CISM Mozambique Local server 50-100 Mbps  Stable Yes Yes
UNIKIN DR Congo Local server 200-1 Gbps Weekly outages No Yes
IDRC Uganda Local server 1-50 Mbps Fairly stable No Yes
CERMEL  Gabon Local server 200-1 Gbps Stable No No

NIMR Nigeria External dis_k 1-50 Mbps Daily outages No Yes
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UIDT Senegal

N/A

N/A

N/A No

3.2 Imaging Data

Table 2 provides a full per-site overview of imaging data characteristics. Nine sites
(90%) exclusively produce digital images; one (10%) retains analog film archives
requiring scanning before use. Five sites (50%) store data in DICOM format; two
(20%) use non-DICOM image formats, which are often direct scanner exports or pho-
tographs of film; two sites (20%) use a combination of DICOM and non-DICOM
image formats; and one site (10%) operates with a combination of film and digital
images. Scanner models differ substantially across sites, reflecting heterogeneity in
acquisition hardware, which is a relevant factor for AI model generalizability. Such
cross-scanner heterogeneity is a documented driver of performance degradation in
deep learning-based chest radiograph classification when models are evaluated out-

side their training domain [10].

Table 2. Imaging data characteristics per site. CXR: Chest X-Ray; PACS: Picture Archiving
and Communication System; N/A: data not available.

. Imaging Modal- PACS Film
Site Country . Scanner Model(s) .
Format ity Extracted Archives
. Delft Light /
MRCG The Gambia DICOM CXR Yes No
EasyDR
JU Ethiopia DICOM CXR Yes N/A No
Delft Light; Clar-
DIG Ghana DICOM CXR Yes ius/Telemed/Lel-  No
tek US
MinXray
. HF100H+; United
KUHES Malawi DICOM CXR Yes No
uDR 780i;
PERLOVE
DICOM +
CISM Mozambique CXR Partial N/A No
non-DICOM
Delft Light +
UNIKIN DR Congo DICOM CXR Yes No
CADA4TB
IDRC Uganda Non-DICOM CXR No N/A No
CERMEL Gabon Non-DICOM CXR No N/A No
. Non-DICOM
NIMR Nigeria i CXR No N/A Yes
+ Film
DICOM +
UIDT Senegal CXR No N/A No

non-DICOM
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3.3 Clinical Data and Workflow

Table 3 provides a full per-site overview of clinical data and workflow. Clinical data
management is digital or already recorded in a Case Record Form (CRF) in 4 sites
(40%), entirely paper-based in 5 sites (50%), and mixed at 1 site (10%). Digital plat-
forms commonly used to manage clinical data include REDCap [9], Microsoft Ac-
cess, and Excel. At paper-based sites, data managers will manually transcribe CRF
entries into electronic formats prior to linkage to medical images. One site (UIDT)
plans Optical Character Recognition (OCR)-based digitization of handwritten records,
introducing additional quality control requirements. Clinical-to-imaging data linkage
is currently manual at most sites, relying on Patient IDs, Medical Registration Num-
bers, or Study IDs matched by data managers. The naming convention of identifiers
also varies per site. Two sites (DIG, CISM) use a lookup-table identifier rather than a
direct patient ID for linkage, which reduces but does not eliminate manual matching
effort; no site reported a fully automated linkage pipeline via integrated health records
or PACS. Anonymization approaches range from GDPR/HIPAA-compliant proce-
dures (KUHES) to pseudonymization with lookup tables (DIG, CISM) or direct pa-
tient IDs (MRCG, UNIKIN), through basic name or study ID removal (JU, IDRC,
NIMR, UIDT), to no formal procedure (CERMEL). Standards vocabulary adoption is
limited; only UNIKIN referenced SNOMED-CT, ICD, and LOINC compliance. JU
reports diagnosis based on the ICD-10 standard.

Table 3. Clinical data and workflow per site. CRF: Case Record Form; EMRS: Electronic
Medical Record System; GDPR: General Data Protection Regulation; HIPAA: Health Insur-
ance Portability and Accountability Act; OCR: Optical Character Recognition; PACS: Picture
Archiving and Communication System; N/A: not available or none declared.

. Clinical eCRF Plat- Linkage L. Vocab.
Site Country Anonymization
Data form Method Standards
REDCap / Direct Patient
MRCG The Gambia Digital Pseudonymization N/A
EMRS ID
L Medical Reg.  Study IDs & name
JU Ethiopia Paper REDCap ICD-10
No. removal
In-house Lookup table
DIG Ghana Digital Pseudonymization N/A
dev. ID
REDCap / Direct Patient GDPR/HIPAA
KUHES  Malawi Digital N/A
ODK ID compliant
. Digital + Lookup table  Pseudonymization,
CISM Mozambique REDCap oo N/A
Paper ID anonymization
SNOMED-
Direct Patient
UNIKIN DR Congo Digital REDCap D Pseudonymization CT, ICD,
LOINC
Microsoft Direct Patient
IDRC Uganda Paper Study ID removal ~ N/A
Access ID
Direct Patient
CERMEL Gabon Paper REDCap None N/A

1D
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Direct Patient

NIMR Nigeria Paper REDCap D Name removal N/A
Direct Patient
UIDT Senegal Paper None D Name removal N/A

4 Discussion

Our systematic assessment for infrastructure FL readiness revealed substantial hetero-
geneity across 10 SSA sites in imaging formats, clinical data management, storage
infrastructure, connectivity, and standards compliance. This heterogeneity is not an
anomaly, but a defining characteristic of real-world research infrastructure in SSA
and similar low-resource settings, with direct implications for federated platform de-
sign. The specific variations provide insight into the bottlenecks that should be con-
sidered when designing FL systems in low-resource settings.

Several cross-cutting challenges emerged. First, manual data entry and linkage are
very common practices. Clinical staff transcribe paper CRFs into eCRFs, and data
managers manually match patient IDs, which are error-prone steps. Second, digitiza-
tion of legacy data using film scanning and OCR may introduce noise requiring robust
quality checking pipelines. Third, infrastructure instability like weekly power outages
and slow bandwidth may impose hard constraints on synchronous FL model ex-
change. Additionally, specific non-standard ports might need to be opened for access-
ing a message queue of a federated learning orchestrator. The legal and privacy proce-
dures to do so differ in different countries and sites. Fourth, limited dedicated data
management capacity at several sites risks under-resourced curation and validation of
workflows.

The bandwidth heterogeneity observed here (Table 1) has direct implications for
FL protocol design: sites reporting 1-50 Mbps versus >1 Gbps will experience sub-
stantially different per-round model transfer times under a synchronous protocol,
likely making the slowest sites the bottleneck. We defer empirical measurement of
transfer time and convergence behavior to the forthcoming pilot study below, and flag
asynchronous or bandwidth-adaptive aggregation as a concrete design direction.

Although this assessment gathered information on the most important variables,
some sites reported incomplete information on the questionnaire that was clarified on
interviews. This was partly caused by gaps in the questionnaire as well as lack of
concrete information from interviewees. Language barrier was also occasionally an
issue during conducting interviews as English was a tertiary language to local IT ex-
perts. Additionally, the 10 sites represent one network of SSA institutions; however,
generalizability to other regions should be confirmed by additional assessments using
the same methodology by using the findings as a baseline.

Several further limitations remain: no composite readiness index is synthesized
(premature given n = 10), the questionnaire did not systematically capture governance
readiness or security/adversarial readiness, and the assessment is pre-deployment, not



Infrastructure Readiness Assessment for FL in SSA 9

yet validated against an actual FL pilot; the forthcoming pilot study below is intended
to address the latter.

For future research, the identified bottlenecks define a concrete research agenda.
Automated format conversion and non-DICOM anonymization pipelines are needed
for sites lacking DICOM infrastructure. Lightweight FL protocols tolerant of intermit-
tent connectivity should be prioritized for unstable-network sites. Standardized data
management capacity-building programs are also required alongside technical deploy-
ment. Absolute GPU compute capacity was not benchmarked, as 7 of 10 sites report
no dedicated GPU hardware (Table 1), making a comparative compute baseline infea-
sible at this stage. A pilot study is being organized to empirically measure GPU com-
pute-hours, bandwidth effects on transfer time, and convergence behavior under real
FL rounds, contingent on finalizing legal and data-governance agreements. This as-
sessment thus establishes the categorical baseline; quantitative performance bench-
marking is reserved for that follow-up. Within AFRICAI-RI [4], these findings will
directly guide the deployment of a federated imaging and clinical data repository,
with the aim of enabling the first large-scale multi-site federated respiratory disease
Al study across SSA.

5 Conclusion

This infrastructure readiness assessment across 10 heterogeneous SSA research sites
provides insights for deploying scalable federated medical imaging platforms in low-
resource settings. Findings are based on a convenience sample of AFRICAI-RI-affili-
ated sites and should be interpreted as indicative rather than representative of SSA
infrastructure more broadly. The results reveal a clear pattern, revealing heteroge-
neous imaging formats and infrastructure setup. The main contribution of this study
for the research community is to give FL system designers an empirically grounded,
categorical starting point that they can use when scoping multi-site deployments in
low-resource settings.
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