A Scoping Review on Generative Al prompting to
optimize the workflow of healthcare professionals in sub-
Saharan Africa

Oluwamayowa Ogundainj'[0000-0002-3243-6082) a( [ isa-Dionne Morris?0000-0002-6348-7675]

" AFDA School of Business Innovation and Technology, Cape Town, South Africa
2 School of Mechanical Engineering, University of Leeds, Leeds, United Kingdom

Abstract. Generative artificial intelligence (Al) applications have enhanced de-
mocratization of information to the extent that industry professionals can auto-
mate routine tasks, gain insights from complex data and execute tasks more effi-
ciently through generation of text, image, and audio content. Although these ap-
plications augment human capabilities, there are concerns about veracity of Al
prompting, which results in hallucinations that could have dire consequences on
clinical workflow of healthcare professionals. The impact of prompting patterns
on optimization of clinical workflows at points-of-care remains nascent with lim-
ited evidence especially in healthcare sectors of sub-Saharan Africa. This review
explores existing literature on how generative Al prompt engineering optimizes
clinical workflow of healthcare professionals by adopting Arksey and O'Malley
five-stage scoping review framework to analyze peer-reviewed publications. A
comprehensive search strategy was conducted in scholarly databases, including
PubMed, IEEE Xplore, and Google Scholar between 2019 and 2025. The study
highlights AI prompt engineering strategies, how prompting affects clinical and
administrative activities, and how limitations of generative Al prompting could
be addressed. Evidence of generative Al prompt engineering are limited in SSA
while the Global North and China are the most dominant regions in the discourse.
Consultations, clinical decision support, record summaries and documentation,
research and prescription recommendations are leading activities in which Al
prompting is perceived as most significant. To conclude, this study provides in-
sights for health managers, healthcare professionals, data scientists, ethicists,
health IT experts, human-computer interaction practitioners, and researchers on
standardizing integration of generative Al use at points-of-care.
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1 Introduction

1.1  Background

There has been an evident increase in the integration of generative Artificial Intelli-
gence (Al) tools (e.g., ChatGPT, Claude and Med-PalLM) in professional domains, in-
cluding finance, education, manufacturing, automobiles, and the healthcare industry
[1]. These tools were developed using large language models (LLMs), computer vision
models, and algorithms as conversational agents to generate and personalize text, im-
ages, and audio-visual content. Particularly in the health sector, these generative Al
tools have been reported or demonstrated the potential to improve patient engagement
at points-of-care, timely intervention of diagnoses, enhance medical research during
treatment planning, and ultimately optimize clinical workflows [2, 3]. As generative Al
rapidly evolves, there is an increasing need for healthcare professionals to adapt and
acquire new skill competencies to effectively leverage Al technologies. Thus, the inte-
gration of generative Al has created a new critical skill, referred to as Al prompting
through an emerging discipline known as prompt engineering [4].

Prompt engineering is a strategic and systematic approach for iteratively formulating
inputs or instructions to query pretrained generative Al tools in a manner that produces
relevant and desired outputs or perform a natural language processing (NLP) task [5,
2]. These inputs are natural human language instructions commonly referred to as
prompts. A study by Shah et al [6] argued that Al prompting involves understanding
the capabilities and limitations of Al models, as well as the nuances of language, and
providing examples that can influence the quality, effectiveness, and relevance of Al-
generated yet context-specific content [3]. Therefore, mastering Al prompting and
prompt designs require a combination of creativity, critical thinking, and domain-spe-
cific knowledge to formulate queries that elicit accurate and useful responses from Al
tools, while minimizing hallucinations [7]. Al hallucinations are defined as instances
where algorithms generate outputs that are not factual, inaccurate, or not grounded
when further examined objectively [6]. These instances may include inconsistencies,
false statements, or fabrications that lead to misinformation. Therefore, the role of qual-
ity prompting and robust verification mechanisms that involve human oversight is es-
sential for Al development and use especially in instances such as points-of-care.

Prompt engineering requires careful attention to several critical factors: (1) the se-
lection of a language that aligns with the expected outcomes of the generative Al ap-
plication; (2) provision of precise and unambiguous ed complex instructions; (3) an
awareness of inherent biases; and (4) iterative prompting techniques [6]. The first con-
sideration relates to the type of vocabulary or phrasing of statements that might influ-
ence the generative Al’s output. Second, the arrangement of words in a query or prompt
should provide a clear context; otherwise, it will constrain the eventual output or re-
sponse. Hence, prompts in generative Al should be framed in such a way that the output
enhances the creativity of the application to its maximum capability while decreasing
its hallucination tendencies. Iterative prompting is a form of refining prompts through
trial and error. Through iterative prompting, prompters learn to analyze outputs and
identify how to adjust prompts accordingly to ensure contextually relevant results. In
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other words, generative Al prompt engineering requires a balance between analytical
thinking, contextual awareness, and creativity, ensuring that the generated output aligns
with task requirements and user expectations — contextual value and relevance.

In the healthcare space, Al prompt engineering requires healthcare professionals to
develop the ability to comprehend how these algorithms function, as well as the capa-
bility to optimize them for various tasks, such as information synthesis, image recogni-
tion, screening, and diagnosis [2]. Data interpretation skills enable professionals to ex-
tract meaningful insights from vast amounts of data, which is essential for informed
decision making. The quality of the prompting and eventual output plays a critical role
in directly influencing the behavior, accuracy, relevance, and utility of the Al-generated
results at the point-of-care [8]. For instance, well-designed prompts and refinement of-
fer enhanced clinical decision support by providing accurate diagnostic suggestions or
treatment recommendations based on patient historical data; generating health record
summaries, which reduces administrative burden [4, 9]. Furthermore, when prompts
are well crafted within domain-specific boundaries they can facilitate personalized care
plans to create and communicate tailored postoperative care based on a patient's age,
comorbidities, and socioeconomic realities [6]. To optimize the workflow of healthcare
professionals, context-specific instructions would improve effectiveness of Al-assisted
workflows at points-of-care, leading to improved patient-provider experience.

The integration of generative Al into healthcare settings has been accompanied by
unprecedented challenges [7, 10]. These challenges include inherent biases in the train-
ing data, constraints on quality datasets, transparency and explainability issues, contex-
tual relevance, security and privacy vulnerabilities, and disparities in digital literacy [2,
11]. Consequently, the quality of output, irrespective of prompt engineering and fine-
tuning, is less accurate, which is a major limitation of generative Al technologies. Craft-
ing effective prompts to communicate with generative Al often requires iterative tun-
ing, domain expertise, creativity and manual curation of examples which can be time-
consuming and inefficient for complex tasks.

Despite well-formulated prompts, internal reasoning mechanisms of generative Al
remain largely inaccessible. Consequently, it is difficult to diagnose misinformation,
errors, or ensure consistency. In terms of contextual relevance, generative Al prompts
may produce a desired outcome in a certain context and fall short in another, particu-
larly when applied across different domains [3]. In other words, generative Al are sen-
sitive to changes in phrasing, formatting, and context. When prompts are based on trial-
and-error and not phrased within specific contexts, generative Al tends to generate out-
puts that are hallucinations. In cases where hybrid prompt engineering strategies are
employed while they may improve performance, there are concerns that the prompt
structure is complex task for non-domain or non-expert users.

Beyond the challenges associated with information accuracy and explainability of
outputs produced by generative Al, there remains a need to address the issues of data
quality and availability, which are essential for ensuring the contextual relevance of the
generated content peculiar to the health and well-being of the SSA population. Other
pertinent challenges relate to equitable access, security, and ethical use of sensitive pa-
tient information [2]. These challenges impact healthcare professionals’ prompt de-
signs, generated content, task performance, service delivery, and patient outcomes.



1.2 Problem Statement

Hallucinations are a major limitation of generative Al tools powered by large language
models (LLMs) and pose a significant risk as they can lead to misdiagnoses, disinfor-
mation when used to develop treatment plans, dissemination of false information to
patients, and cause significant harm to human health and well-being [5, 12 - 13]. Hence,
prompt engineering skills are critical aspects as a fundamental requirement of using Al
to support healthcare activities [3, 9]. However, the reported impact of healthcare pro-
fessionals’ generative Al prompting patterns on the optimization of clinical workflows
remains limited in sub-Saharan Africa context [7]. Many of the existing scholarly work
focuses on the broad adoption of Al

1.3 Objective of the Scoping Review

The objective of this study was to map the existing literature on how generative Al
prompting strategies influence the workflow optimization of healthcare professionals.
The goal of this paper is to create awareness of the need for the development of Al
prompting skills as an emerging digital competence for healthcare professionals who
have (or intends to) adopted Al tools for their work activities. The guiding research
question is as follows: What is the impact of AI prompting on the optimization and
outcomes of Al-enabled work activities carried out by healthcare professionals

1.4  Research Questions

1.  What prompting patterns are used in healthcare Al tools?

2. What are the impacts of generative Al prompt engineering on the clinical
workflow of healthcare professionals?

3.  What are the reported limitations of Al in prompting clinical workflow?

4. How can hallucinations from generative Al prompting and its impact in
healthcare settings be minimized to ensure patient safety?

2 Methodology

The study follows Arksey and O’Malley’s (2005) five-stage review framework for
scoping reviews. This scoping review methodology was employed because it facilitates
the exploration and identification of concepts and prevailing topics within a particular
research domain or discipline [14, 15]. Scoping reviews are used to unearth and syn-
thesize emerging concepts that may require further investigation for knowledge crea-
tion, acquisition, enlightenment and application. For instance, this study sought to es-
tablish existing knowledge on prompt engineering of generative Al, how Al-generated
content enables task performance, impact of prompt design strategies on optimization
of work activities executed by healthcare professionals and how to mitigate hallucina-
tions, especially at points-of-care in SSA. Arksey and O’Malley’s five-stage framework
for this study is outlined as (1) identification of research questions and objectives, (2)
search strategy and eligibility criteria, (3) selection of relevant publications, (4) charting
retrieved data to highlight findings, and (5) reporting.
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2.1 Identification of Research Questions and Objective(s)

The primary motivation for this study was based on the rapid rate at which generative
Al is integrated into daily human activities without a holistic comprehension of man-
aging its impact, which has raised concerns about both the output and risks of disinfor-
mation. We argue that there is a need to pay attention to how prompt engineering im-
pacts the crafting of prompts, fine-tuning, and validity of ensuing outputs. In the
healthcare industry, the handling of sensitive data and safeguarding human well-being
are paramount, necessitating an exceptionally low margin for error, even with the inte-
gration of generative Al technologies. Therefore, the objective of this study is to map
the existing literature on how generative Al-prompting engineering strategies influence
the workflow optimization of healthcare professionals.

2.2 Data Sources and Search Strategy

The search strategy was applied to query peer-reviewed databases, including PubMed,
IEEE XPlore, and Google Scholar, to identify existing literature on the intersection be-
tween prompt engineering in generative Al and optimization of work activities exe-
cuted by healthcare professionals. These databases were selected because of their ex-
tensive repository of domain-specific content pertaining to prompt engineering in gen-
erative Al and health-related research. The keywords used to search the databases were
generative Al, LLM, prompt engineering, and healthcare professional. The keywords
were combined using the logical operators as follows: (“Generative AI” OR “LLMs”)
AND (“prompting” OR “prompt engineering”) AND (“healthcare professionals” OR
“clinical workflow””) AND (“sub-Saharan Africa” OR “Africa” OR “Low-and-middle
income”). Subsequently, the results were limited to peer-reviewed studies published
between 2019 and 2025. The eligibility criteria are described in the next section.

2.3  Inclusion and Exclusion Eligibility Criteria

The inclusion criteria considered only peer-reviewed publications, including journal
articles and conference proceedings, within the scope of the study objective. The se-
lected articles must have been written in English because it is the first language and the
preferred mode of communication for both authors. The timeline considered was pre-
COVIDI19 till present date due to rapid development and release of generative Al. The
exclusion criteria included exemptions from publications written in other languages,
closed-access articles, dissertations, theses, and book chapters. The initial filtering pro-
cess was performed by one author, while the second author verified the extracted data
satisfied the objectives of the paper and ensured a consensus of eligible publications.
Publications were excluded if they were written in other languages, non-open access,
dissertations, theses, or studies conducted outside the specified period, in addition to
the SSA context. A summary of the eligibility criteria is provided in Table 1.

Table 1. Inclusion and Exclusion criteria for eligible studies selection.

Criterion Inclusion Exclusion

Language English Non-English
Timeline 2019 -2025 Before 2019



Prompt engineering strategies for generative ~ Use of non-generative

Topics of interest Al use in healthcare settings, impact of Al Al tools in healthcare
prompting on healthcare work activities settings
. Journal articles, conference proceedings, Dissertations, theses,
Publication types
book chapters books and reports
Access Open access Closed access
Context Africa (Especially Sub-Sahara) Global North

2.4  Study Selection Process

All abstracts were screened based on the eligibility criteria prior to full-text reading and
extraction of relevant findings to address the research questions. Subsequently, the se-
lection of relevant publications was based on correlation with the study objective and a
thematic analysis as presented in section 3.

)

Search Strategy
PubMed (N=9)
IEEE Xplore (N =31)
Google Scholar (N =322)

Identification

—
Duplicated Records
removed
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outside of point-of-care clinical seftings
Not peer reviewed
2 . _ Published in other languages
E Eligible Publications (N = §)
&
=

—

Fig 1. Eligibility criteria for screening publications

2.5 Data Charting Process

Full-text publications that satisfied the inclusion criteria were reviewed in greater detail
as illustrated in Fig I . The authors sorted publications based on title, abstract, and
content with contextual relevance to how prompt engineering enabled healthcare pro-
fessionals to optimize their work activities while utilizing generative Al. Examples of
filtered literature include studies on the domain-specific use of generative Al, use of
generative Al to accomplish specific health-related tasks, and the evaluation of LLMs
based on types of prompt engineering strategies. These studies helped authors identify
prompt strategies, impact of generative Al on workflow, and limitations of generative
Al, and suggested measures to mitigate concerns such as generative Al hallucinations
that may lead to disinformation.
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3 Results

The results suggest that scholarly work on Al prompting is emerging and is limited in
the Digital Health space of sub-Saharan Africa. Most studies are literature reviews and
conceptual papers with a few relating to prompt engineering and its optimization of
clinical workflow. The search query on PubMed yielded the least results compared to
IEEE Xplore and Google Scholar. Arguable reasons are that IEEE explore offers more
technical insights and limited region-specific studies while PubMed addresses clinical
applications of generative Al. Google scholar offers a wide range of interdisciplinary
journal and conference publications that align to the objective of the study.

With regards to geographical relevance, the results of the query yielded publications
that showed that North America, Europe, and China currently dominate the discourse
on Al-prompt engineering [7, 11]. The primary areas where prompt engineering is most
applicable to optimize the workflow of healthcare professionals can be categorized as
diagnosis and treatment, disease surveillance and response, medical imaging and
screening, health information documentation and summary, medical research, clinical
decision support, and prescription recommendations [7]. These represent the predomi-
nant activities for which Al prompt engineering is most pertinent even though evidence
indicates that LLMs have the potential to optimize clinical workflows is hindered by
systemic, technical, and regulatory challenges.

A descriptive summary is presented in the subsequent section to summarize findings
to the research questions. The summary is based on extracting concepts on generative
Al applications, healthcare domain or discipline, work activity or task performed (Clin-
ical or Administrative), generative Al tools used, prompt type or strategy, and the re-
ported workflow impact.

3.1 Thematic Categories Identified

Prompting Strategies
The predominant generative Al prompt engineering strategies are chain-of-thought rea-
soning, zero-shot and few-shot prompting, explicit instruction, ensemble prompting,
heuristic methods, self-consistency, and hybrid. Vilakati [16] evaluated how prompt
engineering and prompt formulation could be designed to minimize errors and enhance
the trustworthiness of responses. The metrics used to assess these prompting strategies
were assumption checking, test selection, output completeness, and interpretive quality.
According to Venerito et al [5] it is recommended that a combination of few-shot and
chain-of-thought prompting could be combined depending on setting and task purpose.
M’gadzah and O’Malley [8] quantified the effect of a complex prompting strategy
to assess the diagnostic accuracy of GPT-4 for prevalent ophthalmological conditions
by comparing global and low- and middle-income countries (LMIC). Complex prompts
yielded a higher accuracy of 90.1% compared to 60.4% for simple prompts. The authors
found that complex prompting significantly enhances GPT-4’s diagnostic performance;
however, as a diagnostic tool, it requires contextual tailoring to be effective in identi-
fying diagnostic blind spots when dealing with diverse patient populations and specific
diseases, especially in the context of LMIC. It is recommended that datasets be



expanded to cater for underrepresented conditions to be culturally and clinically adap-
tive, as well as the need for clinical domain-specific prompt engineering frameworks.
Thus, healthcare professionals can contribute to the design of robust prompts with tight
constraints and verifiable phrases such that generative Al health tools might hallucinate
less and reduce generic diagnoses.

Impacts of generative AI prompt engineering on clinical workflow of healthcare
professionals

The findings presented in this section are based on studies in which generative Al was
adopted by healthcare professionals to support one or more aspects of their clinical and
administrative work activities.

The integration of generative Al into healthcare settings significantly enhances time

management where prompting helps shortens patient consultation periods and mitigate
against professional burnout or fatigue [17]. For example, through specific prompt de-
signs, generative Al can produce concise summaries of medical reports, which demys-
tifies complex medical language and improves patient comprehension of their health
records [7, 9]. Additionally, prompting generative Al aids healthcare professionals to
automate the creation of clinical documentation, condensing extensive medical litera-
ture, and supporting tasks related to diagnosis, triage, and billing. Traditionally, these
tasks have relied on manual methods such as using paper and pen to write or search for
health information, which are more time-consuming and labor-intensive than voice-
activated generative Al prompt engineering [18].
Reported limitations of generative Al in prompt engineering in clinical workflow
Hallucinations pose significant risks when using generative Al, particularly in the dis-
semination of misinformation [12]. This issue is especially critical in healthcare settings
where the accuracy, integrity, and dependability of data are crucial for making informed
decisions related to diagnosis, screening, and treatment planning. Hallucinations stem
from the unreliability of algorithms, which may yield inaccurate or non-factual infor-
mation-based contextual irregularities [3, 8]. Moreover, inconsistencies arise when
LLMs produce different responses to the same prompts or variations in the response to
changes in the prompt structure. In addition, LLMs may generate biased outputs, re-
flecting the inherent skewness of their pre-training data, and there are issues concerning
the transparency or opacity of the model's decision-making processes.

The existing data governance policies do not consider Al-generated content; hence,
there is a likelihood of unfair practices when using an individual’s health data to gen-
erate Al models and tools. The policies were primarily designed to protect individual
privacy and regulate harmful data usage but were obsolete because of rapidly evolving
Al technologies [19]. The absence of specific guidelines for Al-generated content cre-
ates a regulatory gap that could lead to the exploitation of personal health data without
proper oversight measures [5]. This situation could result in a range of unfair practices,
including unauthorized data mining and biased algorithms, thereby widening the mis-
trust of Al products.

Although generative Al tools have the capacity to improve interactions between pa-
tients and healthcare professionals, they cannot entirely replace practitioners in the cru-
cial role of fostering trust with patients [7, 20]. Human interaction is indispensable in
healthcare to achieve a comprehensive understanding of potential patient issues,
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necessitating the involvement of healthcare professionals. Consequently, the applica-
tion of generative Al prompts in healthcare is confined to specific functions that do not
eliminate essential human interaction and personal engagement.

Minimization of hallucinations for patient safety

Existing studies recommend measures such as retrieval augmented generation (RAG),
prompt engineering strategies, fine-tuning, continuous feedback loops involving back-
end adjustments, expert reviews, and user-led testing as some of the current strategies
that could be used to evaluate, re-train, validate, and verify Al-generated contents [21].
The scarcity of representative and high-quality datasets from the Global South is rec-
ognized as a significant contributor to unintended bias, discrimination, exclusion, and
contextually relevant Al-generated content. This challenge is primarily due to most
LLMs being developed and trained using datasets predominantly sourced from Global
North [8, 11]. This bias in the data sources can lead to hallucinations and out-of-context
outputs, particularly when applied to diverse global contexts. Diversifying datasets to
train LLMs models can enhance the reliability and cultural sensitivity of generative Al,
ensuring that prompts produce outputs that are representative and applicable to different
contexts.

4 Discussion of Findings

The findings show that generative Al prompt engineering has a significant impact on
the perceived usefulness of technologies to support the execution of point-of-care ac-
tivities, performance of healthcare professionals, and the quality of informed decision
making [4]. In addition, developing an effective Al prompting strategy tends to depend
largely on an individual's competency in their field of practice. As generative Al tech-
nologies advance in learning, become updated and more sophisticated, the ability to
effectively communicate with and leverage these tools inherently becomes an asset in
the workplace and beyond.

Prompt engineering influences workflow efficiency and decision support. Owing to
the nature of work activities being executed, the purpose of task being performed, and
the difference in digital literacy of healthcare professionals, there is a need to standard-
ize prompt templates and evaluation rubrics [6]. In this way, hallucinations are checked,
and healthcare professionals can be assured that the feedback from generative Al is
near-accurate and dependable for informed decision-making.

The practical implications of issues described in the results section highlights a need
for context- and domain-specific prompt engineering guidelines to check interactions
between healthcare professionals and generative Al-Digital Health, including summa-
rizing digital health records, diagnoses, screening, and developing treatment plans for
patients [2]. If healthcare institutions are to benefit from generative Al and the outputs
from prompts especially mitigation of adverse medication risks and avoiding reputa-
tion-damaging medicolegal claims from patients, they need to invest in prompt engi-
neering as a strategy to equip their staff on responsible engagement with Al [1]. While
rollout of generative Al tools is moving at a rapid pace, sectors such as healthcare need
policies that will ensure safe and productive use among professionals rather than them



being demotivated and resisting the tools. These policies should be centered on the
competence levels of prompt engineering, prompt strategies for generative Al based on
domain-specific usage and ensuring that Al developers include both validation and ver-
ification measures for Al-generated content.

Some notable limitations of this scoping review include limited studies on how to
engineer prompt designs for SSA context, language preference when selecting eligible
studies, risk of publication bias, unintended omission of relevant studies, and a lack of
expert insight into lived experiences of healthcare professionals who have integrated
generative Al into their work processes in SSA healthcare systems.

5 Conclusion

This scoping review highlights how responsible engagement with generative Al could
be realized though prompt engineering to ensure near-accurate and reliable outputs. The
study provides valuable insights for health managers, prompt engineers, human-com-
puter (HCI) interaction domain practitioners, researchers, and organizations integrating
Al into their operations by emphasizing the opportunities in prompt engineering as a
digital competence and the need to invest resources in training and feedback. This com-
petence is becoming increasingly important as Al technologies are being integrated into
various sectors, including healthcare operations. Moreover, when developing frame-
works for the implementation of generative Al, it is crucial to evaluate whether LLM
is specifically designed for a particular domain based on pre-trained data. Consideration
should be given to natural language processing tasks that can be enhanced, common
prompt structures, and implications for subsequent decision-making based on generated
content. This strategic approach allows healthcare professionals to consistently develop
proficiency in prompt engineering.

Developing proficiency in Al prompting necessitates dedicated training and contin-
uous feedback to refine techniques and adapt to evolving Al capabilities as an essential
aspect of personal and professional growth. For example, learning initiatives such as
short online professional courses, workshops, and certification programs would play a
pivotal role in equipping healthcare professionals with prompt engineering skills. By
embracing continuous learning and upskilling, healthcare professionals can ensure that
they are well-prepared to navigate the complexities of an Al-enhanced landscape and
contribute to the advancement of their respective fields. Generative Al prompting has
become a sought-after digital competence, and health stakeholders must invest re-
sources in training professionals to craft effective prompts to generate contextually rel-
evant content that minimizes harmful hallucinations. Also, domain-specific prompt en-
gineers are required to realize the true potential of generative Al.

There is an opportunity for healthcare professionals in the health systems of SSA to
develop interdisciplinary skills that match the use of generative Al to support their ac-
tivities and improve the efficiency of service delivery. Future research is needed to ex-
plore novel participatory design approaches on how open-source generative Al can be
trained using quality datasets that account for culture-sensitive data and well-crafted
domain-specific prompts, to assist community health workers and primary healthcare
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professionals in optimizing their tasks, when addressing challenges specific to SSA. In
essence, collaboration and partnership (Sustainable Development Goals 3, 9, and 17)
are needed for benefits of digital transformation to be realized in SSA’s health sector.
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