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EDITORIAL 

Introduction

Artificial Intelligence (AI) aims to create machines and software 
that can think, learn, and make decisions like humans. In simple 
terms, AI is about making computers smart enough to handle 
tasks autonomously by learning from data, just as we learn 
from experience. Thus, AI is used in virtual assistants like Siri or 
Alexa, or in recommendation systems like those used by Netflix® 
or Amazon®, which suggest movies or products based on our 
preferences.

In general practice, AI-powered systems can enhance patient 
care by offering time-saving assistance to general practitioners 
(GPs), who manage many patients with diverse conditions within 
limited timeframes and often under significant uncertainty. GPs 
may have a basic understanding of AI, particularly as it relates 
to its applications in healthcare.1 They might be familiar with 
AI technologies like diagnostic tools, predictive analytics, or 
electronic health records (EHR) systems: the digital versions of 
a patient’s comprehensive medical history and information.2 
EHRs typically include patient demographics, medical and 
family history, medications, allergies, immunisations, laboratory 
data, progress notes, treatment plans, medical imaging, and 
care coordination. That is, a lot of data! Some might be very 
knowledgeable about AI and actively use it in their practice, 
while others may have a more general awareness of its potential 
benefits and limitations.1 There may be a fair deal of scepticism 
and reluctance to engage with AI too. 

A decade ago, predictions suggested that AI could replace 
radiologists and pathologists, though the impact on primary 
care was less definitive. Some researchers believed AI would 
enhance practices and reduce routine visits, while others warned 
of significant disruption and the potential for unemployment 
among doctors. A survey of 720 United Kingdom (UK) GPs in 
2019 revealed that most viewed AI’s potential as limited.3 

Medicine’s adoption of AI has been slow, but its role is rapidly 
expanding, with the potential to democratise advanced medical 
care globally.4 However, many are unaware of AI’s implications, 
limitations, and ethical challenges.5 AI could become more 

accessible and/or relevant if doctors better understood its 

underlying principles and potential applications. A basic AI 

guide for primary care doctors that includes a primer on basic 

tech jargon could help bridge this knowledge gap. This editorial 

sets out to aid GPs with an improved understanding of AI and its 

implementation in the medical workspace, so that its adoption 

may be more closely considered.

AI categories and abilities

Bostrom’s framework categorises AI into levels based on cognitive 

capabilities: Artificial Narrow Intelligence (ANI), Artificial General 

Intelligence (AGI), and Artificial Superintelligence (ASI). Current 

AI technology is at the ANI level, excelling at specific tasks 

but lacking broader cognitive abilities.6 AI algorithms and 

computational power may never fully replace human wisdom 

and prudence, i.e. reason, which is envisaged for AGI and ASI.7 

Yet its applications in healthcare are growing.

ANI may be better understood through its methodological 

evolution from Good Old-Fashioned Artificial Intelligence 
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Artificial Intelligence (AI) in medicine involves using computer programs, algorithms, and machine learning to analyse complex 
medical data and support clinical decision-making. In general practice, AI has the ability to transform patient care through predictive 
analytics, enhancing diagnostic accuracy, personalising treatment plans, and forecasting chronic disease risks, leading to proactive, 
tailored health care, and improved patient outcomes. Uptake of AI technologies in the medical workspace will be accelerated by 
increasing our awareness and understanding, and by heeding ethical and regulatory constraints.

Artificial Intelligence (AI)
Systems that emulate human behaviour

Machine Learning (ML)
A subset of AI, involving systems 

that learn from experience

Deep Learning (DL)
A subset of ML, includes 
systems based on neural 

networks

Figure 1: A schematic of the hierarchical relationship among AI, ML and 
DL
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(GOFAI) to more advanced techniques like machine learning and 
deep learning, each representing a distinct approach and level of 
sophistication (Figure 1). This progression and its applications in 
medicine are outlined here.

Classic AI

Classic AI, often referred to as “Good Old-Fashioned AI” (GOFAI), 
involves rule-based systems where behaviour is guided by 
explicitly programmed instructions and logical reasoning rather 
than learning from data.8 The many EHR alerts and clinical 
decision support tools are examples of this classic AI iteration, i.e. 
the process where a computer is programmed to do a task which 
is limited in scope, functioning only within the narrow domains 
it is designed for, without the ability to learn from data. Examples 
include EHR alerts for drug-drug interactions, allergy, duplicate 
testing, condition-specific care reminders (provide reminders for 
best practices, such as the need for screening tests in patients 
with chronic conditions like diabetes or heart disease), and 
abnormal laboratory results. 

Classic AI is also used in industrial and surgical robots which 
execute specific movements directed by a surgeon. These 
systems often focus on precision and dexterity. While classic 
robotics relies on fixed algorithms and does not typically adapt 
or learn from data, many modern robots incorporate machine 
learning and other forms of AI that go beyond classic AI, allowing 
them to adapt, learn, and respond to new situations in real time.

Machine learning

Machine learning, a (significant) step up from classic AI, involves 
algorithms that enable computers to learn from data rather than 
relying on programming.6,8 An algorithm is a set of well-defined, 
step-by-step instructions or rules designed to solve a specific 
problem or perform a task. In computing, algorithms take input 
data, process it through a sequence of operations, and produce 
one or more outputs. Essentially, a machine is trained to perform 
tasks typically done by humans while recalling and leaning on all 
training material, and the key is that it may continuously improve 
its performance as it learns from more examples, i.e. continuous 
learning. 

Predictive models in healthcare – such as forecasting chronic 
illnesses like diabetes, hypertension and heart disease, or 
tailoring care plans based on genetic makeup, medical history, 
and other factors – are based on machine learning, thus 
minimising adverse drug reactions and improving treatment 
outcomes. 

Natural language processing (NLP)

Natural language processing (NLP) tools, driven by machine 
learning, can assist GPs by transcribing, interpreting, and 
summarising patient visits. NLP tools may extract relevant 
information from unstructured data in large volumes of 
unstructured text, such as electronic patient records, clinical 
notes, and research articles, saving time and improving the 
accuracy of patient care. NLP is also used to analyse social media 
posts, news articles, and health reports to monitor outbreaks 

and track the spread of diseases, providing data for public health 
interventions.9

Generative AI tools are designed to produce new content – such 
as text, images, or music – based on their trained parameters.10 
Open AI’s ChatGPT, for instance, uses techniques in NLP and 
machine learning to understand and generate human-like text 
based on the input and prompts it receives, forming a large 
language model (LLM). LLMs are trained on vast amounts of text 
data and use patterns and information learned during training to 
respond to queries, carry out conversations, and perform various 
language-based tasks. 

NLP-powered chatbots and virtual assistants may interact 
with patients, answer their questions, provide reminders for 
medication, and even assist with scheduling appointments, 
improving patient engagement and adherence to treatment. 
Chatbots can be integrated with wearable devices or mobile 
apps to monitor patients’ health metrics, such as blood pressure 
or glucose levels. They can offer personalised recommendations 
based on real-time data by exploiting continuous learning, 
reminding patients to take medications or encouraging healthy 
lifestyle choices. They can also be used as a triage tool. 

Deep learning

A particularly advanced form of machine learning is deep 
learning, which uses algorithms modelled after the human 
brain.6 These are known as artificial neural networks comprising 
multiple interconnected layers that operate on mathematical 
models to analyse and interpret complex data.8 Each layer of 
the neural network extracts increasingly abstract features from 
the input data, enabling the model to learn patterns and make 
decisions with high accuracy. These algorithms significantly 
enhance a computer’s learning capabilities, even enabling it to 
learn autonomously without explicit programming. 

The range of deep learning using artificial neural networks is 
extensive in medicine, enabling the management of data in 
fields like genomics and molecular biology.8 Artificial neural 
networks are most commonly used for analysing visual images, 
though, where data can be gathered quickly through image 
scanners, digital cameras, remote sensors, electronic devices, 
or the Internet of Things (IoT).4 Thus, many diagnostic tools 
utilise deep learning including in medical imaging to detect and 
diagnose conditions such as tumours or fractures from X-rays, 
MRIs, and CT scans, to identify circulating tumour cells in whole 
blood samples,11 and to analyse pathology slides, dermatology 
photos, or even a patient’s physical movements to generate 
differential diagnoses.5 

Deep learning models also aid drug discovery including by 
predicting how new compounds interact with biological targets, 
potentially speeding up the development of new treatments. 
This is possible, even in South Africa! The University of Cape 
Town’s (UCT’s) Holistic Drug Discovery and Development (H3D) 
Center has successfully collaborated in tuberculosis and malaria 
drug discovery with a technology non-profit that disseminates 
data science tools in low-resource settings.12 Additionally, deep 
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learning is employed in personalised medicine to analyse 
genetic data and predict how individual patients might respond 
to specific treatments, leading to more tailored and effective 
healthcare interventions.

Progress in computing, internet connectivity, advanced 
statistics, machine learning, and neural networks, along with the 
proliferation of handheld and wearable devices like smartphones 
and smartwatches, have led to revolutionary changes in 
healthcare driven by AI technology.13 This leap is partly because 
AI relies heavily on data. In fact, data is the foundation that AI 
systems use to learn, make decisions, and improve over time. 
And healthcare generates high volumes of data.

Big Data

Big Data refers to extremely large and complex datasets that 
traditional data processing tools cannot handle efficiently.7 In AI, 
Big Data provides the vast amounts of information necessary for 
training and refining AI models. AI algorithms, particularly those 
in machine learning and deep learning, rely on Big Data to learn 
patterns, make predictions, and improve their performance over 
time. 

Characteristics of Big Data include volume, variety, velocity (the 
speed of data generation, processing, and analysis), veracity 
(the quality and reliability of the data, which can vary and affect 
the outcomes of AI models), and value (the potential insights 
and benefits that can be derived from analysing the data). The 
quality, quantity, and relevance of the data directly influence the 
accuracy and effectiveness of an AI system. Without sufficient 
high-quality data, AI systems would struggle to function 
properly or generate reliable, statistically significant outcomes. 
The greater the data, the better the learning – thus Big Data, 
which is abundant in healthcare and includes EHRs, “omic” data 
(such as genomics, metabolomics, and proteomics), along with 
sociodemographic and lifestyle-related information captured on 
wearables, lends itself to advancing AI processes. 

Big Data has significantly impacted medicine, with patient health 
care data reaching genomic scale in both volume and complexity. 
The systematic use of this data holds the potential to personalise 
treatments and reduce healthcare costs by improving resource 
allocation. However, the anticipated benefits have yet to fully 
materialise, as healthcare professionals often lack the tools 
and time needed to integrate Big Data into everyday clinical 
practice.14

Black box AI systems

The most advanced AI systems are often the least transparent, 
leading to the “black box” problem, where users, patients, and 
even developers struggle to understand how results were 
obtained.15,16 We can observe the data input and output, and 
understand the general workings of AI, often through deep 
neural networks. However, it can be challenging to determine 
why an AI made a specific decision, diagnosis, or action in a 
particular case. This opacity arises from the immense complexity 
of these systems, which may rely on millions of parameters. 

Additionally, AI systems can autonomously alter their algorithms 
without human oversight.14 

Black box AI systems, which operate with non-transparent 
decision-making processes, present several risks. For instance, 
they are vulnerable to cyber-attacks, as the lack of transparency 
makes it difficult to detect and defend against malicious 
tampering, which could lead to compromised outcomes or data 
breaches. Systematic bias is also a concern, as the AI’s decision-
making is often influenced by underlying training data that 
may contain hidden biases, leading to unfair or discriminatory 
outcomes, especially in sensitive areas like medical diagnosis. 
Lastly, there is the risk of a mismatch between AI decisions 
and real-world needs or values, as black box systems may 
produce results that are technically correct but misaligned with 
human expectations, ethical standards, or specific contextual 
requirements, leading to potentially harmful or inappropriate 
actions.14 

When AI systems become highly complex and enter the realm 
of black-box medicine, the fundamental principles of patient-
centred care are challenged.17 It is asserted that black-box 
medicine does not effectively support informed decision-making, 
which relies on shared information, collaborative deliberation, 
and a mutual understanding between practitioner and patient. 
Because of the scepticism and fear associated with opacity, 
strides are being made to explain the inexplicable in AI.16 Some 
argue that there is an unrealistic expectation for explainable 
AI (xAI), suggesting that current methods of explainability are 
unlikely to meet the needs for patient-level decision support.18 
That being said, to what degree can we even trust our own 
human reasoning? High-stake medical decisions are often made 
without consciously connecting all the neural dots.

Accuracy limitations

On average, AI may outperform humans in certain areas of 
medical diagnosis and drug development; in the administration 
of treatment and surgery, AI may already have surpassed 
trained medical professionals.14 However, with innovation 
comes limitations. Concerns have emerged about the impact of 
algorithmic clinical decision support on health equity, especially 
due to the use of datasets that lack representation from minority 
or previously disadvantaged populations and the potential 
for algorithms to perpetuate and amplify existing biases. 
Additionally, the risks to data security, confidentiality and privacy 
are increasingly apparent.8,19 

Addressing coded bias requires diverse data, inclusive 
development teams, and ongoing monitoring to ensure 
equitable care.20 Key principles steer these efforts, namely 
promoting equity throughout all phases of the algorithm life 
cycle; ensuring transparency and explainability of healthcare 
algorithms; engaging patients and communities authentically to 
build trust; identifying and addressing algorithmic fairness issues 
and trade-offs; and establishing accountability for equitable 
outcomes from healthcare algorithms. Ensuring data quality 
and origin is essential to building patient trust in AI systems and 
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preventing unethical practices. However, achieving this level of 
data integrity is costly.4

Patient concerns and ethical, legal, and regulatory 
considerations 

The primary goal of AI in healthcare is to enhance health 
outcomes and patient experiences,21 but patients have concerns 
about safety, threats to their autonomy, potential rises in 
healthcare costs, and data security. Patient acceptance of AI 
depends on addressing and alleviating these potential risks.22

Legal responsibility is also a critical concern especially as AI is a 
relatively new field with few or no established legal precedents. 
Key questions include who will be held accountable for actions 
resulting from AI-based decisions and who is responsible for 
errors made by AI programs: doctors, institutions, or developers?23 
Legal responsibility is further complicated by unclear regulations 
around sensitive data processing, consent, transparency, and 
storage. Ultimately, the human element will remain crucial in 
integrating AI into medical practice, where human oversight 
may still be necessary even in fully automated processes.4

AI’s potential to transform clinical practice is significant, 
but realising its benefits requires focused efforts on design, 
implementation, and evaluation. Regulatory approval is essential, 
and AI developers must address issues like confirmatory bias and 
alert fatigue. The FDA has recently introduced a pilot certification 
programme that evaluates both AI developers and their 
products, a move aimed at ensuring public trust in new medical 
AI applications.4

Doctors must be aware of AI’s risks and opportunities, advocating 
for ethical and equitable systems while preserving patient trust. 
However, AI also has the potential to address some of medicine’s 
current challenges with bias and inequality. Physicians should 
be aware of both risks and opportunities, advocating for the 
development and implementation of ethical and equitable 
systems. Furthermore, they must act as responsible stewards 
of patient data to preserve the trust between providers and 
patients.19

AI has generated significant excitement in healthcare due to 
advances in machine learning models. However, realising AI’s 
potential for scalable and sustained patient care in real-world 
settings remains a challenge. To effectively integrate AI into 
healthcare, a focused effort is needed not only on developing AI 
technologies but also on their implementation. This integration 
involves applying design thinking, process improvement, 
and implementation science to create and deploy AI-enabled 
systems. Understanding how AI can enhance healthcare 
requires careful design, implementation, and evaluation of these 
systems.24

As AI technologies continue to advance, their integration 
into general practice will likely improve healthcare delivery 
and patient outcomes. Embracing these innovations while 
addressing ethical and regulatory considerations will be key to 
realising the full potential of AI in medicine.
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