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Abstract
Background

The integration of artificial intelligence (Al) into clinical practice holds transformative potential for
healthcare in West Africa, but safe deployment requires context-appropriate governance, accountability,
and post-deployment monitoring frameworks. This cross-sectional mixed-methods study examined
preferences and concerns of West African clinicians and technical experts regarding Al governance
structures, post-deployment surveillance mechanisms, and accountability allocation.

Methods

A structured questionnaire was administered to 136 physicians affiliated with the West African College
of Physicians (February 22-28, 2026), complemented by 72 key informant interviews with technical
leads, Al developers, data scientists, policymakers, and healthcare leaders. Data were analyzed using
descriptive statistics, inferential tests, and thematic analysis.

Results

Clinicians strongly preferred independent regulatory bodies (40.4%) for overseeing Al tool performance,
with high trust ratings (mean:4.3/5), while vendor self-monitoring received minimal support (3.7%,
mean:2.4/5). Real-time dashboards were the most favored monitoring approach (41.9%). Clear
accountability pathways (94.1%), algorithm transparency (91.9%), and real-time performance data
(89.7%) were rated essential by majorities. Major concerns included clinicians being unfairly blamed for
Al errors (76.5%), excessive vendor control (72.8%), and absence of clear reporting pathways (69.9%).
Qualitative findings emphasized continuous performance tracking for accuracy, fairness, and bias;
structured incident reporting; protocols for model drift and failure; and multi-layered governance
combining independent oversight, institutional Al committees, and explicit liability frameworks.

Conclusion

This study provides novel empirical evidence from West Africa on clinician preferences for Al
governance. Findings offer actionable guidance for policymakers to build trustworthy, equitable, and
safe Al integration frameworks that prioritize transparency, independent oversight, and clinician
protection.

INTRODUCTION

The use of artificial intelligence (Al) into healthcare signifies one of the most profound changes in
contemporary medicine. Al is already being studied and used in complex health situations around the
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world, with mixed outcomes (Rech, 2025). It can predict disease outbreaks and help clinicians make
decisions about diagnosis and treatment. In affluent environments, deep learning algorithms have
equalled or surpassed human expert performance in tasks such as grading diabetic retinopathy and
classifying skin cancer; however, the majority of evidence is retrospective and lacks substantial
prospective real-world validation (Liu et al., 2019; Topol, 2019).

Global efforts to establish governance frameworks for healthcare Al are advancing rapidly. The World
Health Organization (WHO) has provided leadership through its 2021 guidelines on the ethics and
governance of Al for health (WHO, 2021); and the 2025 update on large multi-modal models (WHO,
2025). These documents outline six core principles: protecting autonomy, promoting human well-being,
safety, sustainability, responsiveness, and accountability. A recent narrative review identified seven key
governance domains: bias and fairness, explainability, safety and quality, privacy, accountability and
liability, human oversight, and procurement; emphasizing that governance failures typically appear as
practical problems such as miscalibrated alerts, subgroup performance cliffs, untracked model updates,
opaque interfaces, and uncertainty about who can pause, roll back, or retire harmful systems (Bailo et al.,
2026).

In West Africa, Al applications in healthcare are transitioning from pilot projects to real world
deployment. Notable examples include Al-enhanced cervical cancer screening by community health
workers in Senegal (Rech, 2025), early cancer risk prediction models in Nigeria (Akingbola et al., 2024),
and federated learning initiatives for tuberculosis chest X-ray interpretation across the region (Rech,
2025). While these demonstrate promising local innovation, the absence of established governance
frameworks raises serious concerns about long-term safety, effectiveness, and equity. The stakes are
particularly high in West Africa. Health systems face heavy burdens from infectious diseases, maternal
and child health challenges, and rising noncommunicable diseases (Owoyemi et al., 2020). Chronic
clinician shortages make Al attractive, yet poorly governed tools risk worsening the strain on
overstretched workers (Rech, 2025). Variable regulatory capacity across countries heightens the danger
of a “digital divide 2.0,” while linguistic, cultural, and contextual diversity increases the likelihood of poor
model performance when tools are transferred across settings (Owoyemi et al., 2020; ThisDayLive,
2025).

Post-deployment monitoring is especially critical. Unlike traditional medical devices, Al models can
degrade over time due to data drift or concept drift (Cuocolo et al., 2025). Without continuous
surveillance, performance decline may go undetected, potentially causing harm. Trust remains central to
successful Al integration. Clinicians who distrust governance structures, fear unfair blame for Al errors,
or perceive excessive vendor control are less likely to adopt these tools effectively (Asan et al., 2020;
Bailo et al., 2026).

Despite growing international guidance, no study has yet systematically examined West African
clinicians’ preferences for Al governance, accountability mechanisms, and post-deployment monitoring.
This study addresses this critical evidence gap by providing the first empirical data on how West African
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physicians and technical experts believe Al should be governed, monitored, and held accountable in
clinical practice.

Primary Research Question:

What governance structures, accountability mechanisms, and post-deployment monitoring frameworks
do West African clinicians and technical experts prefer for the safe and effective integration of artificial
intelligence into clinical practice?

Secondary Research Questions:

1. Which institutional bodies (independent regulatory agencies, government ministries, hospital
administrations, or vendors) do clinicians trust most to oversee Al tool performance after
deployment, and what explains these preferences?

2. What specific monitoring approaches and components do clinicians and technical experts consider
essential for effective post-deployment surveillance of Al systems?

3. What are the primary concerns of clinicians regarding liability, blame assignment, and reporting
pathways for Al-related errors and adverse events?

4. What core components do technical experts, Al developers, and policymakers recommend for
inclusion in a context-appropriate West African Al governance framework?

MATERIALS AND METHODS
Study design and study area

This cross-sectional mixed-methods study included a structured, self-administered questionnaire
(Supplementary material 1) to assess the attitudes of West African professionals regarding artificial
intelligence in healthcare and a qualitative exploration through key informant interviews (KII) with a KlI
guide (Supplementary material 2). The study was conducted in the West African subregion. Data was
gathered from February 22 to February 28, 2026.

Study Population and Sampling

The target group comprised physicians affiliated with the West African College of Physicians (WACP),
the principal institution for postgraduate medical education in the sub-region. Most of the WACP fellows
and members work in Nigeria; however, they can work in any West African country. This is because the
college was started in and has a lot of students in Nigeria. A convenience sampling method was used
with the college's current communication channels to find willing participants. The study sought to
capture a comprehensive spectrum of physician perspectives from the sub-region, imposing no
restrictions on specialty, years of experience, or practice environment.
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Sample size determination

A mixed-methods approach was employed. For the quantitative phase, a cross-sectional survey was
administered to physicians of the WACP. The sample size was calculated on the WinPepi sample size
calculator, version 11.65 (Abramson, 2004), to estimate the primary outcome (e.qg., ‘positive perception
of Al utility’) with a 95% confidence level, a 5% acceptable difference, and a 10% non-response rate.
Using an assumed proportion of 92% (0.92) positive perception of Al utility from a previous study (van
der Meijden et al., 2023), the initial sample size was 126. This was rounded up to 136 for more precision.
This sample size provides precision of approximately + 8% for proportion estimates, adequate for
describing general patterns while acknowledging limitations for subgroup analyses.

For the qualitative study, a sample size of 72 was utilized. This sample size was sufficient to achieve
thematic saturation across diverse stakeholder perspectives, based on established qualitative research
guidelines (Braun & Clarke, 2021).

Data Collection

A pre-test was conducted on the study tools, and the Cronbach's alpha was utilised to determine if multi-
item scales were consistent with each other and values greater than 0.70 were considered acceptable.
During the survey, the questionnaire collected information on the institutional bodies (independent
regulatory agencies, government ministries, hospital administrations, or vendors), clinicians trust, and
what explains these preferences, what specific monitoring do clinicians and technical experts consider
essential for post-deployment Al surveillance, what clinicians' primary concerns regarding liability, blame
assignment, and reporting pathways for Al-related errors are, and what technical experts and
policymakers recommend including in a West African Al governance framework. The 5-point Likert scale
was used to score things, with 1 being “strongly disagree” and 5 being “strongly agree”.

The Open Data Kit (ODK) platform was used to gather information, with skip patterns and validation
criteria to reduce data entry errors, and the link was sent out using WACP’s email and WhatsApp
communication tools. The questionnaire took 15 to 20 minutes to complete. No personally identifiable
information was collected, ensuring the anonymity of participants. To gain informed consent
electronically, the first page of questions had to be filled out and agreed upon before moving on.

For the qualitative study, Klls enabled the exploration of complex phenomena, including perceptions,
concerns, recommendations, monitoring mechanisms, and accountability frameworks that clinicians and
technical experts prefer for the safe integration of Al into clinical practice that cannot be adequately
captured through quantitative methods alone. There was a total of 72 KllIs with key stakeholders poised
to offer authoritative perspectives including technical leads, Al developers, data scientists, programme
directors, policymakers, ministry officials, senior clinicians, hospital leadership, and medical educators.
The interviews were online and lasted less than 60 minutes using a semi-structured interview guide. For
quality assurance purposes, all entries were reviewed for completeness and clarity within 24 hours.
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Data Analysis

The survey data from ODK was downloaded as an Excel file and exported into SPSS version 29, IBM
Corp., Armonk, NY, USA (IBM, 2024). The descriptive statistics (frequencies, percentages, means, and
standard deviations) were computed for each variable. Initially, the relationships between demographic
and experiential characteristics were determined, as well as the desire to employ Al using t-tests. The
ANOVA was used for inferential analysis. Factors exhibiting significant correlations (p < 0.10) were
included in a multivariate linear regression model to forecast the propensity to employ Al. The regression
model included previous Al experience (binary), familiarity with Al (Likert scale), trust in Al information
(Likert scale), perceived danger to autonomy (Likert scale), years of experience (categorical), and facility
type (categorical). The cutoff for statistical significance was set at p < 0.05 (two-tailed).

Data analysis for the qualitative data employed thematic analysis following the framework approach
described by Braun & Clarke (2021). This method was selected for its flexibility and suitability for
identifying, analysing, and reporting patterns within qualitative data. Analysis proceeded through several
stages, namely, data familiarisation, initial coding, framework development and application of
framework. The final coding framework was systematically applied to all 72 transcripts using qualitative
data analysis software NVivo version 14 (Lumivero, 2026).

RESULTS
Quantitative Results

Respondents’ Characteristics

A total of 137 physicians accessed the questionnaire link, resulting in 136 complete responses included
in the analysis after the exclusion of one participant who declined consent. Table 1 presents the
demographic characteristics of the sample. The majority of respondents were from Nigeria (84.6%), with
smaller representations from Ghana (5.9%), Liberia (3.6%), Togo (2.9%), Niger (1.5%), and Céte d'lvoire
(1.5%). Gender distribution was almost balanced (51.5% female, 48.5% male). The largest age group was
35-44 years (30.1%), followed by 45-54 years (26.5%). One-third of respondents (33.0%) had over 20
years of clinical experience.
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Table 1
Demographic characteristics of survey respondents

Demographic Variables Category Frequency Percent
Country Nigeria 115 84.6
Ghana 8 5.9
Liberia 5 3.6
Togo 4 2.9
Niger 2 1.5
Cote d'Ivoire 2 1.5
Gender Female 70 51.5
Male 65 47.8
Prefernottosay 1 0.7
Age group 25-34 26 19.1
35-44 41 30.1
45-54 36 26.5
55-64 21 15.4
65+ 11 8.1
Prefernottosay 1 0.7
Clinical Experience (Years) 0-5 15 11.0
6-10 27 19.9
11-15 27 19.9
16-20 22 16.2
20+ 45 33.0

Preferred body for monitoring Al tool performance

Table 2 identifies who clinicians believe should be primarily responsible for overseeing Al tools after they
are deployed. The largest group, 40.4%, prefers an “Independent Body,” far exceeding support for
government (20.6%) or hospital-based (32.4%) monitoring. Very few (3.7%) trust vendors to monitor
themselves.
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Table 2
Preferred body for monitoring Al tool performance

Responsible body Frequency Percent
Independent body 55 40.4
Hospital facility 44 32.4
Government ministry 28 20.6
Vendor/manufacturing 5 3.7

All of the above/multiple 2 1.5
Other (clinicians, medical bodies 2 1.5

Preferred Approach to Monitoring Al Performance

Table 3 shows how clinicians want monitoring information to be delivered. The most preferred method,
chosen by 41.9%, is a "Real-time dashboard”, followed by monthly reports (19.9%). Annual reports
received the least response (1.5%).

Table 3
Preferred Approach to Monitoring Al Performance

Monitoring Approach Frequency (n) Percentage (%)
Real-time dashboard 57 41.9

Weekly reports 12 8.8

Monthly reports 27 19.9

Quarterly reports 18 13.2

Annual reports 2 1.5

Multiple approaches indicated 20 14.7

Perceived Importance of Monitoring Components

Table 4 rates the importance of four specific monitoring components. All four are rated as
“Essential/Very Important” by overwhelming majorities (ranging from 86% to 94%). Clear accountability
pathways (94.1%) and transparency of algorithms (91.9%) are the top priorities.
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Table 4
Perceived Importance of Monitoring Components

Monitoring Component Essential/Very Moderately Slightly/Not
Important (%) Important (%) Important (%)

Real-time performance 89.7 8.1 2.2

data

Transparency of 91.9 5.9 2.2

algorithms

Clear accountability 94.1 4.4 1.5

pathways

Regular independent 86.0 11.0 3.0

audits

Clinician Trust in Different Governance Structures

Table 5 quantifies the level of trust clinicians placed in different potential governing bodies for Al, on a 5-
point scale. An independent regulatory body received the highest trust rating (Mean = 4.3), while Al
vendors receive the lowest (Mean = 2.4).

Table 5
Clinician Trust in Different Governance Structures

Governance Structure Level of Trust (Mean, 1-5)* Standard Deviation
Independent regulatory body 4.3 0.7

Government health ministry 3.8 1.1

Hospital administration 3.6 1.2

Al vendor / manufacturer 2.4 1.3

*Scale: 5 = Complete Trust, 4 = Moderate Trust, 3 = Neutral, 2 = Little Trust, 1 = No Trust*

Governance and Policy Support Scale

Table 6 provides a statistical check for the questions related to governance and policy. The Cronbach's
Alpha of 0.79 is in the “Questionable/Acceptable” range, indicating moderate internal consistency.

Table 6
Reliability Analysis - Governance and Policy Support Scale
Scale Items Included E.‘.r)onbach's Alpha Interpretation
a
Policy & Governance Q10_3,Q10_4,Q12_2, 0.79 Questionable/
Support Q141 Acceptable
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Framework Components Preferred by Clinicians for Al
governance

Table 7 presents clinician preferences regarding two key aspects of Al governance: the preferred body to
oversee Al tools and the preferred frequency and format for receiving monitoring information.
Independent oversight received the highest level of support at 40.4%. Hospital facilities were the second
most preferred option at 32.4%, government ministry was preferred by 20.6% of clinicians and vendors
received the lowest level of support at 3.7%.

Table 7

Framework Components Preferred by
Clinicians for Al Governance

Framework component Percent (%)

Who should monitor Al?

Independent Oversight 40.4

Government Ministry 20.6
Hospital Facilities 32.4
Vendors 3.7

Frequency of monitoring

Real time dashboard 41.9
Weekly reports 8.8
Monthly reports 19.9
Quarterly reports 13.2
Annual reports 1.5

Essential Safety and Accountability Requirements

Table 8 presents clinician ratings of three framework components related to safety validation and
accountability for artificial intelligence in healthcare. The data show the percentage of clinicians who
rated each component as “Essential” or “Very Important” for Al governance. In terms of pre-deployment
certification component, it shows that 86.0% of clinicians rate regular independent audits as “Essential”
or “Very Important.” For post-deployment surveillance component, 89.7% of clinicians rate real-time
performance data monitoring as “Essential” or “Very Important.” For accountability, assignment

or “Very

|"

component, it shows that 94.1% of clinicians rate clear accountability pathways as “Essentia
Important.” This is the highest-rated component among all framework elements.
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Table 8
Essential Safety and Accountability Requirements

Framework Component Clinicians Rating as “Essential/Very Important” (%)

Pre-deployment Certification 86.0%

Post-deployment Surveillance  89.7%

Accountability Assignment 94.1%

Concerns About Current Accountability Mechanisms

Table 9 quantifies clinician anxieties about the existing or absent systems for Al accountability.
Majorities express concern that current systems cannot ensure Al accountability (68.4%) vendors have
too much control (72.8%), clinicians will be unfairly blamed for Al errors (76.5%), and there is no clear
pathway for reporting Al-related harm (69.9%).

Table 9
Concerns about Current Accountability Mechanisms
Concern Agree/Strongly Neutral Disagree/Strongly
Agree (%) (%) Disagree (%)
Current systems cannot ensure 68.4 19.1 12.5
Al accountability
Vendors have too much control 72.8 16.2 11.0
over monitoring
Clinicians will be unfairly blamed 76.5 13.2 10.3
for Al errors
No clear pathway for reporting AI-  69.9 17.6 12.5
related harm

QUALITATIVE RESULTS

A total of 72 key informant interviews were completed as in Table 10 from all stakeholder groups
including Technical Leads, Al Developers, Data Scientists, and Policymakers.
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Table 10
Categories of key informants

Informant Category  Number of Participants
Technical Leads 15
Al Developers 9
Data Scientists 16
Program Directors 7
Policymakers 6
Ministry Officials 6
Senior Clinicians 3
Hospital Leadership 4
Department Heads 2
Medical Educators 4

The Indispensable Need for Continuous Monitoring

Technical experts were unanimous that: "Deployment is not the finish line. It's the starting line." A
framework must be in place from day one to answer four key questions: Is it still accurate? Is it still fair?
Is it still safe? Is it still improving care?

Core Components of a post-deployment monitoring
framework

Respondents provided a detailed and structured approach to monitoring for example, continuous
performance tracking which is non-negotiable. According to one of the respondents, it involved regularly
tracking “accuracy, sensitivity, specificity, false positives/negatives, and calibration” against real-world
outcomes. They noted that monitoring needs to be stratified to detect “emerging bias.” Performance
must be tracked across “age, gender, geographic location (urban vs. rural), and facility type... to ensure the
Al isn’t performing poorly” for specific populations. One respondent noted that “aggregated metrics hide
localized harm.” They noted that systems must be in place to automatically detect “data drift” (changes in
input data, e.g., a new disease outbreak) and “concept drift” (changes in the relationship between data
and outcome, e.g., a new treatment guideline), and that this required “automated alerts” that trigger
investigation when performance drops below a threshold.

Respondents reported that user feedback and incident reporting were key, monitoring needs to be
human-centred, structured “clinician feedback loops” to report errors or usability issues, and a formal
“incident-reporting mechanism” to log near-misses and adverse events were essential. Additionally, that
post-deployment monitoring framework must include a schedule for “periodic re-validation using updated
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local data;” and when drift is detected, the model must be “retrained, recalibrated, or, in severe cases,
retired.”

Governance, Accountability, and Regulatory Frameworks

Strong governance was seen as the bedrock of safe use of Al tools in healthcare. According to several
respondents, key requirements include “clinical validation” (requiring rigorous testing and validation of Al
systems before clinical use); “data protection” (strict compliance with national data protection laws, e.g.,
Nigeria's NDPA), including consent, anonymization, and security); “accountability and liability” (clearly
established decision-making processes and accountability in Al healthcare-related errors); transparency
(mandating “transparency in Al decision-making processes and data use,” with developers disclosing how
systems are trained and validated), institutional governance structures (hospitals need new structures to
oversee Al. This includes an “Al governance committee” comprising hospital leadership, IT specialists,
senior clinicians, legal/compliance officers, and data protection officers), and policy priorities for
governments. Policymakers outlined a clear set of priorities including patient safety and regulatory
oversight by establishing strong approval and monitoring systems, data governance and protection by
enforcing robust data protection laws and cybersecurity standards and equitable access and capacity
building through investment in public infrastructure and training the workforce to ensure Al benefits all.

Handling Failure: Protocols for When Al Underperforms

Respondents noted that a mature governance framework includes clear protocols for failure. The
response must be swift and structured and should include:

1. Suspend or Restrict Use: The priority is to prevent patient harm. The tool should be immediately
paused or restricted.

2. Conduct Root-Cause Analysis: Investigate whether the issue is due to data pipeline problems,
workflow mismatch, model drift, or population shift.

3. Apply Corrective Actions: Based on the analysis, "recalibrate, retrain, or redesign" the model.

4. Communicate Transparently: Inform clinicians and relevant authorities about the issue and the
corrective steps taken. This transparency is crucial for "protecting clinician trust."

The key governance recommendations by the respondents include:

1. Establish an independent, multistakeholder regulatory body.

2. Mandate real-time performance dashboards for all deployed Al.
3. Create clear legal liability frameworks.

4. Develop standardized reporting protocols for Al-related incidents.
5. Require regular independent audits.

DISCUSSION
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This mixed-methods study investigated West African clinicians’ preferences for Al governance,
accountability mechanisms, and post-deployment monitoring frameworks. The quantitative survey of
136 physicians, predominantly from Nigeria, was complemented by 72 Klls with technical experts,
policymakers, and healthcare leaders. The findings revealed four major themes: a strong preference for
independent oversight over government, hospital, or vendor control; real-time dashboards as the
preferred monitoring mechanism; accountability concerns dominating clinician anxieties; and
recommendations for a multi-layered governance framework combining independent bodies,
institutional committees, and clear liability rules.

Governance Preferences

This study provides novel empirical evidence on Al governance preferences in West African contexts,
where regulatory capacity is often limited and tools developed elsewhere may be deployed without local
validation (Finkelstein et al., 2024). Prior research has focused mainly on high-income countries with
mature systems (Reddy et al., 2020), while studies from low- and middle-income settings have largely
been limited to commentary and position papers (Cresswell et al., 2020).

Clinicians demonstrated awareness of regional vulnerabilities and expressed a clear preference for
independent oversight, local validation, and clear accountability pathways. These preferences align with
WHO guidance, which stresses appropriate regulation for safety, accuracy, and efficacy as universal
principles (WHO, 2021). Policymakers’ emphasis on equitable access and capacity building echoes the
concept of “health data poverty” (Ibrahim et al., 2021) and the risk of a “digital divide 2.0” (ThisDayLive,
2025).

Quantitatively, 40.4% of clinicians preferred an independent body for overseeing Al tool performance, the
most selected option, with independent regulatory bodies receiving the highest trust rating (mean 4.3/5)
and vendors the lowest (mean 2.4/5). This reflects a desire for impartial oversight free from commercial
interests or institutional politics. The finding is consistent with high-income country studies: 62% of UK
clinicians favoured independent regulation (Castagno & Khalifa, 2020), and US physicians expressed
concerns about commercial influence (Habli et al., 2020). The lower preference rate here (40.4% vs 62%)
likely stems from the study offering four response options rather than a binary choice.

Low trust in vendors indicates strong scepticism of commercial self-regulation, aligning with qualitative
concerns about excessive vendor control and the need for clear decision-making processes in Al-related
errors (WHO, 2021). Moderate trust in government highlights both opportunities and the need for
capacity building, potentially reflecting contextual factors such as regulatory capture or limited
enforcement in West Africa (Akingbola et al., 2024; Owoyemi et al., 2020). This extends the literature by
showing how local institutional trust dynamics shape governance preferences in resource-constrained
settings (Scott et al., 2021).

Monitoring Preferences: The Clinicians strongly preferred real-time dashboards (41.9%), indicating a
desire to be active participants in safety surveillance rather than passive recipients of periodic reports.
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Technical experts reinforced this by stressing that monitoring must continuously address four questions:
“Is it still accurate? Is it still fair? Is it still safe? Is it still improving care?” This aligns with the FDA's “total
product lifecycle” approach to Al oversight (U.S. FDA, 2021). Emphasis on algorithm transparency and
explainability supports existing evidence that these factors are key determinants of clinician trust
(Ahmad et al.,, 2021; Asan et al., 2020). The study extends prior work by specifying not only what
information is needed but how and when it should be delivered, with important implications for
monitoring infrastructure in West Africa.

Qualitative findings highlighted the need for stratified monitoring to detect emerging bias across age,
gender, location (urban vs rural), and facility type. Experts noted that “aggregated metrics hide localized
harm,” a concern well-documented in the literature (Civaner et al., 2022; Ibrahim et al., 2021; Obermeyer
et al., 2019), and consistent with FDA guidance on differential performance across subgroups (U.S. FDA,
2021).

Accountability Concerns: Accountability was the dominant concern, rated essential or very important by
94.1% of clinicians: the highest priority. Major anxieties included fear of being unfairly blamed for Al
errors (76.5%), excessive vendor control (72.8%), and absence of clear reporting pathways (69.9%).
These findings address the “responsibility gap” in the literature, whereby liability often defaults to
clinicians under existing malpractice doctrines when no one is fully responsible for Al outcomes (Price et
al., 2019; van der Meijden et al., 2023). Without clear statutory allocation, clinicians may face
disproportionate risk, discouraging appropriate Al use (Mello & Wang, 2020).

Qualitative participants similarly called for clearly established accountability in Al-related errors. The
near-universal demand for accountability (94.1% rating it as essential or very important) highlights that
this is a core requirement for clinician acceptance of Al. The lack of clear reporting mechanisms is a
critical regulatory gap as errors go undocumented and learning opportunities are lost (Ocloo et al., 2021;
Sujan et al., 2019). In West African settings with less developed medico-legal frameworks, addressing
this gap before widespread deployment is particularly urgent (Owoyemi et al., 2020).

Implications for Policymakers

The findings provide clear direction for policymakers tasked with developing Al governance frameworks
in West Africa:

Establish independent, multi-stakeholder regulatory bodies

The preference for independent oversight and high trust in independent bodies indicate that credibility
requires perceived objectivity. Policymakers should establish regulatory authorities with representation
from clinicians, data scientists, patient advocates, and other stakeholders, ensuring independence from
both commercial interests and political influence (WHO, 2021).

Mandate real-time performance dashboards for deployed Al
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The strong preference for real-time monitoring dashboards indicates that clinicians want immediate
access to performance data. Policymakers should require that deployed Al systems provide accessible,
real-time dashboards enabling clinicians to track accuracy, fairness, and safety continuously as noted
elsewhere (Cuocolo et al., 2025).

Create clear liability frameworks protecting clinicians

The near-universal demand for accountability pathways in this study and widespread fear of unfair
blame indicate that liability frameworks must be established before Al deployment. Legislation should
clearly allocate responsibility among developers, deployers, and users, protecting clinicians from bearing
liability for errors from algorithmic failures (Price et al., 2019).

Develop standardized reporting protocols for Al-related incidents

The finding that a majority see no clear pathway for reporting Al-related harm indicates an urgent need
for incident reporting systems. Policymakers should establish standardized protocols enabling clinicians
to report near-misses and adverse events, treating these as learning opportunities for system
improvement (Sujan et al., 2019).

Limitations

This study has several limitations that should be considered when interpreting the findings. First, the
geographic representation was heavily skewed toward Nigeria (84.6% of survey respondents), reflective
of the large Nigerian constituency of the WACP. However, this limits generalizability to other West African
countries with different health systems, regulatory environments, and cultural contexts. Future research
should include more balanced representation across Francophone and Lusophone West African nations
for increased depth of exploration of whether governance preferences differ systematically across these
diverse settings. Second, the convenience sampling method through WACP communication channels
may have introduced selection bias. This is because physicians who are more engaged with professional
networks may have greater access to digital/Al platforms, may be more likely to participate, and
overrepresent clinicians with pre-existing Al awareness or interest. Third, the study measured
preferences and attitudes rather than actual behaviour; and stated preferences in hypothetical scenarios
may not always predict real-world decision-making when Al tools are deployed in clinical practice.

CONCLUSION

This study provides the novel empirical evidence on West African clinician preferences for Al
governance, accountability mechanisms, and post-deployment monitoring. The findings reveal strong
preferences for independent oversight, real-time transparency, and explicit liability frameworks, while
also highlighting clinicians’ distrust of vendor self-regulation and fear of being unfairly blamed for Al
errors. Technical experts emphasize continuous monitoring, bias surveillance, structured failure
protocols, and multi-layered governance combining independent bodies, institutional committees, and
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clear accountability pathways. However, these preferences must be interpreted with caution given the
study’s geographic and methodological limitations.

The convergence of quantitative and qualitative evidence strengthens confidence in these findings and
provides guidance that may inform policymakers in the region, while recognizing the need for contextual
adaptation and further research. An independent, multi-stakeholder regulatory body, mandated real-time
performance dashboards, clear liability frameworks, standardized incident reporting protocols, and
institutional Al governance committees represent the core components of a governance framework
aligned with clinician trust and safety priorities. Without such frameworks, the promise of Al in West
African healthcare risks being undermined by clinician scepticism, regulatory gaps, and avoidable patient
harm. The preferences and concerns documented here provide a roadmap for building governance
structures that can earn trust, ensure safety, and enable the equitable integration of Al into clinical
practice across the region. The evidence from this study demonstrates that West African clinicians are
ready to engage with Al, but only under governance frameworks that prioritize accountability,
transparency, and patient safety above all else.
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