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ABSTRACT

The capabilities of artificial intelligence (Al) have
accelerated over the past year, and they are beginning
to impact healthcare in a significant way. Could this
new technology help address issues that have been
difficult and recalcitrant problems for quality and safety
for decades? While we are early in the journey, it is clear
that we are in the midst of a fundamental shift in Al
capabilities. It is also clear these capabilities have direct
applicability to healthcare and to improving quality and
patient safety, even as they introduce new complexities
and risks. Previously, Al focused on one task at a time:
for example, telling whether a picture was of a cat or a
dog, or whether a retinal photograph showed diabetic
retinopathy or not. Foundation models (and their close
relatives, generative Al and large language models)
represent an important change: they are able to handle
many different kinds of problems without additional
datasets or training. This review serves as a primer on
foundation models’ underpinnings, upsides, risks and
unknowns—and how these new capabilities may help
improve healthcare quality and patient safety.

INTRODUCTION

A team of researchers, including Eric
Topol, one of the most highly cited
medical researchers of all time, wrote the

following remarkable statement in Nature
in 2023:

[Generalistmedical artificial intelligence]
promises unprecedented possibilities for
healthcare, supporting clinicians amid
a range of essential tasks, overcoming
communication barriers, making high-
quality care more widely accessible, and
reducing the administrative burden on
clinicians to allow them to spend more
time with patients.’

Could this new technology help address
issues that have been difficult and recal-
citrant problems for quality and safety
for decades? While we are early in the
journey, we are in the midst of a funda-
mental shift in artificial intelligence (AI)
capabilities. It is clear these capabilities
have direct applicability to healthcare and
to improving quality and patient safety,

even as they introduce new complexi-
ties. This viewpoint serves as a primer on
what this new type of Al is and how it
differs from the task-specific Al that came
before, and suggests opportunities where
it may help address key issues in quality
and safety.

The story so far: task-specific Al

Most traditional Al algorithms do one
thing at a time, and if you want them
to do something else, you need a new
dataset and to train a new algorithm.
In people’s daily lives, we see this kind
of Al in the autocomplete function in
email and in the ability to search through
photos on our phones without having to
manually tag every picture. In medicine,
we have seen examples in breast cancer
screening,” detection of diabetic retinop-
athy® and prediction of outcomes such
as length of stay, readmission, mortality
and discharge diagnoses.* This kind of
Al learns the specific pattern of the thing
they are trying to classify or predict,
usually based on gold-standard data in
which the truth is known. These models
often perform at expert physician level.
They bring extraordinary promise, but
they only work on the one specific task
on which they are trained. Ask the model
to have a conversation, fill out a form or
order dinner, and the specificity of their
training becomes immediately apparent.

Why foundation models are different
than what came before

Foundation models represent a shift from
task-specific Al to a kind of Al that can
handle many different kinds of tasks
without being retrained on new data
(table 1). For example, if you prompt a
foundation model with “Write a first draft
of a root cause analysis’ versus ‘Write
a letter to a patient’, it will give very
different responses. Previously, this would
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Table 1

Glossary of common terms; these terms are related but not synonymous

Avrtificial intelligence (Al) The science and practice of creating machines that appear intelligent.

Machine learning

A technique by which computers learn from examples (rather than operating through hard-coded rules). Some older types of Al

did not involve machine learning, but most modern examples do.

Neural network

A common type of machine learning architecture, where small units of computation (‘neurons’ or ‘perceptrons’) have simple

analyses (similar to a logistic regression). Linked together across millions or billions of interactions, these simple units of
computation create new capabilities like computer vision or language understanding.

Transformer

A particular type of neural network architecture that underlies most current language model advances. One of its particular

advances was using a technique called attention to help the model learn complex relationships between words, even when a
given word's meaning is ambiguous. To give a sense of the importance of this technical advance, the foundational paper, called
‘Attention is All You Need’,®" has been cited more than 100 000 times at the time of this writing.

Generative Al
Large language model

Al that creates content. This might be text (like a chatbot), images or even music.?
A type of neural network trained on very large amounts of text, often across multiple languages. Current models have hundreds

of billions of parameters (hence the ‘large’). At their core, these models are predicting the next word in a sequence, but, among
other capabilities like translation, they have demonstrated the ability to parse complex questions and to generate text that

sounds like it is written by a person.

Multimodal models
generate many different types of output.

Foundation model

A type of Al that can accept many different types of input (for example: text, audio, photos, videos or computer code), and/or

Coined in 2021, this term refers to large models that are trained on a wide variety of data types (typically multimodal) and

that can be easily adapted to many different kinds of tasks without retraining. Foundation models represent a shift away from
task-specific Al, towards Al that can handle many different types of tasks. Large language models are a type of foundation
model, but usually ‘foundation model" implies a multimodal model.

have required completely retraining a model on new

data.

Experts argue about whether these models ‘under-
stand’ the world, but it is clear they possess a math-
ematical representation of concepts in the world.
This leads to new capabilities that were not present in
models that came before—including some that have
clear applicability to healthcare:

» Interpreting truly complex questions and requests.

» Being able to accept images, text, audio, video and other
types of data as inputs.

» Giving plausible answers that sound like they are from
people.

» Creating images (and videos, and even music) as a
response.

» Understanding implicit relationships across many, many
dimensions (without manually defining relationships).
The effect, roughly, is one of appearing to understand
context, especially in language.

» Creating output that is customised to context (‘write this
as if you were a PhD candidate, then rephrase it for a
sixth grader’).

There are a few terms used in this field, sometimes
with overlapping meaning: foundation models, gener-
ative Al, multimodal models and large language models
are the most common (table 1). They are sometimes
collectively called ‘Al 3.0°.> While there are differences
between them, the important commonality is that they
can do many different tasks without being retrained.
How do they learn this general representation of
many different kinds of knowledge? Rather than hand-
labelling training data, as is done in task-specific Al,
these models use a technique called self-supervision to
learn relationships. Although they can handle many
kinds of input, it is easiest to appreciate what they learn

by considering text. For example, given the Institute of
Medicine’s Six Aims of healthcare quality,® the process
of training the model takes each word in order. Subse-
quent words are hidden from the model, and it tries to
predict what word comes next (figure 1A). In this way,
a single sentence becomes several prediction prob-
lems that the model can learn from. Just as a logistic
regression ‘learns’ relationships between data elements
and encodes them in B-coefficients, language models
learn relationships between different words—and thus
between the concepts those words encode.

It is easy to understand how a regression model can
quantify the relationship between two numbers (it is
just math), but how does that work with words? It
turns out that is also just math. These models operate
in something called an embedding space. Getting an
intuition for what this means can really help under-
stand how these models work. A pivotal paper,’
typically referred to as word2vec (‘word to vector’),
helped propel language modelling forward. Imagine
the following: take a large set of documents and chop
them up into individual words. Randomly put those
words into a space. Let us imagine for a minute that
it is a three-dimensional space, even though in the
paper, they used a few hundred dimensions. Each
word would be represented by only three numbers: X,
Y and Z, the coordinates of where it is in the space.
Next, we are going to do a prediction task like the one
shown in figure 1A. But every time we see a word, we
are going to substitute in its three numbers (X, Y and
Z), and we will try to predict the next word’s three
numbers from what we have got so far (or maybe we
will try to guess two words in the future, or three in
the past, etc). When we start, almost all of our predic-
tions are going to be spectacularly inaccurate, because
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Panel A. An example of next-word prediction in training a language model.

Language-focused foundation models are trained on large amounts of text, but the text is not hand-
annotated. Rather, the models masks certain words and tries to predict them. For example, given this well-
known statement from Crossing the Quality Chasm[5], how might a model train?

Healthcare should be safe, effective, patient—-centered, timely, efficient, and equitable.

Input Prediction target
Healthcare should
Healthcare should be
Healthcare should be safe,
Healthcare should be safe, effective,
[eee] [eee]
Healthcare should be safe, effective, patient—centered, timely, efficient, and equitable.

Models can also train by masking attention from words in the middle of a sentence, and multimodal models
can handle other types of input besides text (for example, images).

Panel B. An example of relationships in embeddings

This lower-dimensional representation of a higher-dimensional embedding shows how embeddings can encode conceptue
relationships. See text for explanation of how embeddings are derived. Image adapted from [7]

Germany
walking

~
ﬁ. Canada Sl
’ ‘\ D Berlin
o swimming e
{ ,v. Japan : T ottawa

walked CJ 2 o,

h D Tokyo D Madrid

Verb Tense Country-Capital

Figure 1 Core concepts in language models. (A) An example of next-word prediction in training a language model. Language-focused foundation models
are trained on large amounts of text, but the text is not hand-annotated. Rather, the models mask certain words and try to predict them. For example,

given this well-known statement from Crossing the Quality Chasm,® how might a model train? Models can also train by masking attention from words

in the middle of a sentence,and mlutimodal models can handle other types of input besides text (for example,images). (B) An example of relationships in
embeddings. This lower-dimensional representation of a higher-dimensional embedding shows how embeddings can encode conceptual relationships. See
text for explanation of how embeddings are derived. Image adapted from 8.

we started with the words in a random location. So,  will repeat that again and again, until we stop seeing
whenever we miss, we will move our words around  improvement in the prediction. In the end, we will be
(changing their X, Y and Z values as we do) and see  left with our words in an embedding space, and each
if our predictions will get a little better. Then we  word’s position will be determined by the semantic
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structure of the documents that the model trained on.
Each word is defined by its set of numbers (X, Y and Z
in our example), and this makes it possible to do math
on words.

What is remarkable about an embedding space is
that it encodes relationships between concepts, learnt
from the documents themselves. For example, if you
know the distance and direction in an embedding
space between one capital and its country (eg, between
‘Ttaly’ and ‘Rome’), you find the same distance and
direction for other capital/country pairs (eg, Japan’
and Tokyo”)® (figure 1B). Understanding this helps you
understand how the models work, but it also helps
make sense some of the models’ limitations.

Rapid progress

Over the past year, we have seen remarkable progress
in foundation models in healthcare. For example,
Med-PalLM reached physician-level performance on
medical licensing examination-style multiple choice
questions.’ Perhaps more significantly, it was also able
to write long-form answers to people’s medical ques-
tions. Blinded physicians evaluated these long-form
answers from the second generation of this model,
comparing them with answers written by other physi-
cians, and they preferred Med-PaLM-2’s answers on
eight of nine dimensions evaluated.'® Another model
was trained to assist physicians in answering complex,
rare diagnostic challenges, as represented in New
England Journal of Medicine case reports. In a vignette
study, physicians were then randomised to receive the
model’s assistance, or to be able to use usual tools to
answer these challenging case presentations. Physi-
cians with the model’s support were both more accu-
rate than unaided physicians in reaching the correct
diagnosis, and they also developed more comprehen-
sive differential diagnoses.'' In another study, stand-
ardised patients (like those in Objective Structured
Clinical Evaluations) were randomised to interact by
text-based chat with primary care physicians or with
a specially trained large language model called AMIE
(Articulate Medical Intelligence Explorer). The inter-
actions were evaluated both by specialist physicians
and by the standardised patient actors. AMIE showed
greater performance on 28 of 32 dimensions assessed
by specialist physicians and on 24 of 26 assessed by
patient actors. These dimensions included not only
measures of diagnostic accuracy, but also dimensions
of rapport, connection and empathy.'* While there are
many more examples, these give a sense of the rapid
progress in just the past year.

Will Al help with quality and safety? How?

We are quite early in the foundation model era, and the
evidence base is still being created. So, in some ways,
the correct answer is ‘we don’t know’. But it is also
clear that these models are legitimate, major technical
advances, that they are getting better very quickly and

that they are seeing rapid adoption. So, this section
offers some thoughts on where opportunities may be
greatest, and where there may be pitfalls for quality
and safety professionals to watch out for. Overall,
foundation models offer tremendous opportunity to
improve health on an almost startling scale by democ-
ratising expertise to where it is needed. This means
that quality and safety professionals should expect
impact across all of the Six Aims: safety, effectiveness,
patient-centredness, timeliness, efficiency and equity.®

Early wins: reducing burden for clinicians

In a recent review, Schiff and Shojania highlighted
major, thematic challenges to progress in patient
safety, providing a roadmap for future quality and
safety efforts.”” One theme focused on staff, noting
that issues such as burnout and lack of time for both
clinical care and improvement work are core chal-
lenges for quality and safety. Generative Al’s earliest
forays have focused on supporting, and in some cases
removing, documentation burden for clinicians, which
is a well-documented contributor to these issues. For
example, early attention has focused on using Al to
support paperwork and processing of pre-approvals
of diagnostic tests and therapies by health insurers
(known as prior authorisation,'* and widely acknowl-
edged to be a significant burden for providers). This
could have significant benefit not just in efficiency
but in reducing provider burnout and increasing time
spent with patients. Improving documentation was
also an area highlighted in a 2024 viewpoint by Mayo
Clinic’s chief executive officer (CEO), with examples
such as operative notes and automating administrative
documentation.” Documentation-related healthcare
tasks across the spectrum are likely to be significantly
affected, since these models handle language at their
very core. Another area in quality and safety where
foundation models may turn out to be helpful is in
measurement. One study estimated that quality meas-
ures cost just one institution $5.6million annually to
gather and report, which extrapolates to billions of
dollars of annual expense for the USA alone.'® Foun-
dation models are likely to be effective at many of
these kinds of summarisation and extraction tasks—
allowing health systems to focus resources on improve-
ment instead of measurement.

Communication, organisational health literacy and
patient safety

How healthcare organisations communicate with
patients and families matters. Albert Wu has written
about the social determinants of patient safety'’—
the intersection of social determinants of health and
patient safety. One key element of this is organisa-
tional health literacy, which the National Academy
of Medicine has defined as how organisations ‘make
it easier for people to navigate, understand, and
use information and services to take care of their
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health’."® While language barriers, which are clearly
associated with quality and safety implications,'’ are
one aspect of this, Wu gives a nice example showing
the broader context and clinical impact even when
only a single language is involved: ‘An organization
with low health literacy fails to enable all individ-
uals to find, understand, and use information and
service to help them make medical decisions and care
for themselves. In such an organization, it may be
difficult for the person with diabetes to maintain the
medications and equipment needed to prevent hypo-
glycemic episodes.”"”

Generative Al may be well suited to help in this
arena. How? Organisations working on improving
their communication often find that ‘translating’ their
complex materials into appropriate reading levels, or
into digestible video-based or audio-based content,
requires substantial effort. Today, giving a large
language model a prompt of ‘summarise this 30-page
guideline at a sixth-grade reading level” often produces
good first-draft results, and may speed the time for
healthcare organisations to develop this content. Simi-
larly, many of these models are multilingual at their
core. Researchers are beginning to publish proof-of-
concept efforts in this domain.?’?* Research is also
beginning to emerge on patients’ perceptions of Al
in their care. For example, a 2023 systematic review
of public perceptions of Al in healthcare in the USA
concluded that people see healthcare as a domain
where ‘Al applications could be particularly beneficial’,
but tl;}e message is nuanced and substantial concerns
exist.

Supporting clinicians in reducing diagnostic error and
delay

Schiff and Shojania also highlight the importance of
diagnostic error as a critical challenge for the field
going forward."? Although research is early in this area,
results are intriguing. For example, in a randomised,
blinded vignette study, physicians supported by Al
outperformed physicians without Al in very complex
cases, and this resulted in both more accurate diagnoses
and more complete differential diagnoses.'' Gianrico
Farrugia, Mayo Clinic’s CEQ, describes one poten-
tial future state for Al in healthcare as a “streamlined
‘second opinion’ for physicians”,”” and that seems a
likely way that Al may help improve diagnostic excel-
lence: helping clinicians avoid diagnostic anchoring
and other pitfalls in one of the most common types
of patient safety problems. It is important to sound
a note of caution here, though. Kulkarni and Singh
recently summarised several practical challenges in
how these technical advances might move into the real
world—for example, evidence suggests that problems
in history-taking and physical examination are the
cause of many diagnostic errors, problems that are not
likely to be ameliorated by AL**

Risks and need for future research

New technologies also bring new risks for quality and
safety. Because the technology is emerging, these also
represent important avenues for future research. And
as Al begins to support clinical practice, a thoughtful
regulatory framework will be critical to ensure that
patients, families and clinicians receive the technolo-
gy’s benefits, safely.”

Equity and bias

Equity is one of the Six Aims,® and ensuring health
equity is a fundamental element of good machine
learning practice.”® Equity problems may arise from
issues in biases in training data; language models reca-
pitulating biased, sexist or racist misconceptions that
lead to health disparities; issues with the algorithm’s
design or implementation; and variations in perfor-
mance of Al across different populations that were not
reflected in model training. Generative Al may also
introduce new kinds of vulnerability because it may
be used in a wide variety of situations, rather than in
a specific narrowly defined task for which evaluation
is more straightforward.® This is an area of significant
ongoing research.”’

Model-specific issues such as ‘hallucinations’

Large language models have some surprising behav-
iour. They can be helpful at writing computer code,
but they are often bad at straightforward arithmetic.
Similarly, they sometimes make things up—Ilike journal
references, or in one well-known case, legal precedents
in a court filing.”* Why? Remember that at their core,
they are trained to be next-word prediction engines,
and that they use an embedding space to represent
concepts. So for an arithmetic problem like 2+2=__ |
they will return the right answer, because there are
many examples of this problem in most text corpora.
But for a problem like 13 257+23123= , they
will often return a five-digit number that looks like
the right kind of answer, but is not, because they are
predicting the next word, not doing arithmetic (and
there are not likely to be many examples of that exact
problem in the text they are trained on). Similarly,
they will return a plausible-looking journal citation.
But it is critical to remember that the basic versions of
these models are not information-retrieval engines: the
models themselves do not look things up in PubMed,
they remember things out of their pretrained parame-
ters that look like plausible next words in a sequence.
This is an area, though, of active progress: areas like
grounding, consistency and attribution?” are rapidly
improving the factuality of results. Similarly, models are
learning the ability to recognise categories of problems
(like math) and, rather than predicting the next word,
can get answers from calculators or other tools.*

Continued very rapid development
Finally, quality and safety professionals should antic-
ipate ongoing, very rapid development in the field.

Howell MD. BMJ Qual Saf 2024;0:1-7. doi:10.1136/bmjgs-2023-016690

5



Review

We have seen truly remarkable progress already in
just a single year, and it looks as if it will continue.
Things that were impossible 2 years ago are now
routinely available for software developers. This
degree of exponential progress makes the medium-
term future difficult to predict in terms of what capa-
bilities may be routinely available in just a few years.
And it means that quality and safety professionals
will have to think creatively—about the upside for
patients, families and clinicians; about the known
and emerging risks; and about how these tools may
affect their own practice.
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