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In brief Artificial intelligence in healthcare

What is AI?
There is no single generally accepted 
definition of AI. John McCarthy et al., 
who coined the term artificial intelli-
gence in 1955, defined AI as the s cience 
and engineering of making intelligent ma-
chines.2 Today AI is often described as 
computer systems capable of perform-
ing tasks that were previously consid-
ered to require human intelligence, 
such as speech and image recognition, 
translating languages, learning, prob-
lem solving and decision-making. The 
area of research that seeks to develop 
such systems is also termed AI.

In recent years, developments in AI 
have accelerated, and every day we read 
reports of new applications in virtu-
ally every area of society. Key factors 
fuelling the progress made are more 
powerful computer processors, rapidly 
growing access to data (Big Data) and 
the development of increasingly effi-
cient algorithms.

Most current applications of AI are of 
the type known as narrow AI. Here, 
the purpose is to automate a specific 
task that is currently performed by hu-
mans, usually with the aim of increas-
ing speed, scalability and/or reliabili-
ty. This can be contrasted with what is 
termed general AI, where the purpose 
is to create computer programs that 
understand and reason at a more gen-
eral level, like humans do. This publi-
cation mainly addresses applications of 
narrow AI.

Other terms found in discussions of 
AI are machine learning and deep  machine 
learning (deep learning). Machine learn-
ing uses algorithms that enable an AI 
system to “learn” to perform a task 
based on data without having been 
given specific instructions for that pre-
cise task. Deep machine  learning is a 
special form of machine learning that 
uses algorithms that have been inspired 
by how the human brain is assumed to 
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process impressions and create patterns 
in order to make decisions.

Another term used is augmented intelli-
gence. Here the focus is on applications 
that support and improve human in-
tellectual capacity rather than replace 
it. Human and machine become “col-
leagues” and work side by side. In the 
healthcare sector it has been predict-
ed that “augmenting” human skills 
through AI is a more probable develop-
ment than pure automation, at least in 
an initial phase.3

AI in healthcare
As AI algorithms become increasingly 
better at sorting data, finding patterns 
and making predictions, hopes are in-
creasing that AI will be able to take on 
vital importance in making the health-
care of the future safer and more effi-
cient, while simultaneously helping 
to solve the challenges we face of an 
aging population, limited resources and 
difficulties recruiting qualified staff. 
Research and development on applica-
tions for AI in healthcare is currently 
being conducted in a large number of 
fields, from diagnostics and treatment 
to administration and medical research. 
However, at the moment there are rel-
atively few systems based on machine 
learning being used in practical clinical 
work in Sweden.4

Assessments and decisions
There are great hopes that AI will 
lead to better medical assessments at 
a lower cost. As AI systems base their 
predictions on large numbers of pa-
tient cases, the hope is that assessments 
will be able to become more accurate.5 
Unwarranted differences in the practice 
of individual employees in the health 
sector might be reduced, along with the 
risk of mistakes due to cognitive error 
(information that is ignored, faulty rea-
soning or bias).6 AI could also help the 
healthcare sector to keep guidelines up 
to date by searching for relevant litera-
ture, given that the number of studies 

in the field of medicine is growing at 
an ever-faster pace.7

Diagnostics
A large number of applications of AI 
have been developed in recent years 
in image diagnostics. For example, 
AI has been used to classify skin can-
cer, find metastases in cancer cases, 
 identify embryos for in vitro fertilisa-
tion,  detect cervical cancer, assess lung 
X-rays and diagnose retinal disease at 
an early stage.8 Algorithms based on 
 textual analysis have been used to diag-
nose paediatric diseases.9 Researchers 
have also shown that AI-based systems 
can detect depression based on infor-
mation from text and speech.10 In many 
of the cases, AI has performed as well 
or better than doctors and consider-
ably  faster. In image diagnostics, AI 
is predicted to take over more even in 
the immediate future, while the clinical 
impact in general diagnostics may take 
longer.11

Three types of machine learning

In machine learning, algorithms “learn” to solve the task they 
have been given by being “trained” on large amounts of data. In 
supervised machine learning the training examples contain both 
input data (e.g. the pixel values in an image) and output data 
(what the image represents). The algorithm detects patterns 
in input data that correlate with the output values and creates 
models to predict the output value when it is presented with 
new input data.

In unsupervised machine learning the training data only compris-
es input data and the algorithm itself sifts out examples from 
patterns in the input data. Unsupervised machine learning can 
lead to the discovery of new, unknown connections.

In reinforcement learning an algorithm learns to solve a task by 
trying different solutions and receiving feedback on how well it 
has succeeded.

An AI system can be static, which means that the model is not 
changed once the training phase is over. However, it can also be 
dynamic, in which the model is continuously adjusted based on 
new data it encounters.

“ There are 
great hopes 
that AI will 
lead to bet-
ter medical 
assessments 
at a lower 
cost.” 
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Prognostics and prevention
AI algorithms have been reported to be 
able to predict the risk of sepsis (blood 
poisoning) and cardiovascular disease 
with higher precision than established 
assessment instruments.12 Algorithms 
have also been developed that broadly 
seek signs of disease or risk of disease 
based on the total data found in elec-
tronic health records (EHRs): diagnosis 
codes, prescriptions, lab results, proce-
dures, free text notes, etc.13 In a study, 
an algorithm succeeded in predicting, 
with a high degree of accuracy, long 
length of stay, mortality and unplanned 
readmission among hospital patients 
based on EHR data.14 AI-based exam-
ination of patient data could be used for 
preventive measures, for example, by 
raising the alarm if the patient needs to 
have their drug treatment adjusted or 
be called in for a check.

Decision-making support system
AI’s role in healthcare does not need 
to be limited to making diagnoses or 
prognoses. Many people also  envisage 
that in the future AI will come to play 
an important role in medical decision- 
making, e.g. by giving treatment rec-
ommendations on the basis of diagno-
ses and other patient data. Some areas 
in which promising results have been 
reported are breast cancer and sepsis.15 
Algorithms have also been developed 
to adapt radio therapy to the individ-
ual with the aim of reducing damage 
to the surrounding tissue.16 It has also 
been proposed that AI might be able 
to support medical decision-making 
by predicting a patient’s preferences 
where their decision-making capacity is 
impaired, based on data in EHRs and 
 social media.17

One area where AI is predicted to take 
on major importance is what is termed 
precision medicine, which involves tai-
loring the most optimal treatment for 
every patient based on genetic factors, 
medical history, lifestyle, environmen-
tal factors, etc. Given the huge amounts 

of data that need to be analysed, it has 
been claimed that precision medicine 
will not be possible without AI.18

Other types of decision in healthcare 
where many see a role for AI are priori-
tisation decisions, in other words decid-
ing which patient should receive treat-
ment if the resources cannot stretch to 
everyone, decisions on which patient 
should receive a donated organ and tri-
aging  decisions, i.e. deciding which pa-
tient is to receive treatment first and/or 
at which care level.19

Practical healthcare work
It is in assessments and decision- 
making that the greatest progress has 
been made in developing AI systems 
in healthcare. But there are increas-
ing discussions of how AI technolo-
gy, often linked to robotics, can also 
be used in practical healthcare work. 
Examples are AI-supported surgery ro-
bots, robots that monitor patients in 
ICUs, or applications that support tele-
medicine.20 The aim can be to increase 
quality, compensate for staff shortages 
or, as in telemedicine, bridge physical 
distances.

Prostheses, etc.
A number of different projects are in 
progress where AI is used to increase 
precision and functionality in advanced 
prostheses.21 Trials have also been car-
ried out in using AI to control para-
lysed parts of the body with the brain. 
In one study, a patient had electrodes 
that record brain activity implanted in 
their brain. An algorithm learned to 
translate this activity into electrical sig-
nals that stimulate the muscles in the 
lower arm.22

Patient-focused applications 
More and more patient-focused dig-
ital applications such as health apps 
and/or technology worn on or in the 
body (wearables and internables) are 
using AI to improve functionality, e.g. 
by providing more individualised rec-

“ Given 
the huge 
amounts 
of data that 
need to be 
analysed, 
it has been 
claimed that 
precision 
medicine 
will not be 
 possible 
 without AI.”
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ommendations. AI -based health apps 
have been developed that assess symp-
toms and suggest diagnoses or help 
the patient to find the right level of 
care in the event of suspected illness.23 
Communication with patients can take 
place for example via chat bots or com-
puter-generated “virtual health assis-
tants”.24 Other applications have the 
aim of monitoring and supporting the 
patients in their self-care, e.g. by help-
ing patients to optimise their treatment 
or take their medication at the right 
time and at the right dose.25 Linked 
to  medical equipment for home use, 
AI-based apps could be used to mon-
itor patients’ health status and sound 
the alarm in the event of aberrations, 
which could result in avoiding hospital-
isations.

Administration, flows and logistics
Johns Hopkins hospital in the USA 
uses AI to allocate beds, which has 
made the hospital’s bed assignment 
process more efficient.26 Other exam-
ples of  applications of AI at health-
care administration level are systems 
for  drawing up schedules, uncovering 
fraud (in  insurance-funded healthcare 
systems), resolving organisational chal-
lenges in telemedicine and automating 
administrative tasks in the health sys-
tem.27

Research and development
There are great hopes that AI could 
make the development of new drugs 
more efficient. Algorithms have been 
developed that use huge amounts of 
data to learn how molecules interact 
and so be able to suggest potential drug 
candidates.28 In the UK, a database has 
been built that combines  genetic and 
clinical patient data with multidisci-
plinary scientific information and uses 
AI to generate hypotheses for drug 
 development.29 Other researchers have 
developed a “robot scientist” that uses 
AI to make the process of discovering 
new drugs  faster and cheaper.30

Additional potential applications in 
medical research could be finding 
 potential patients for clinical trials.31 
Text analysis algorithms have also 
proved capable of improving the effi-
ciency of efforts to find relevant stud-
ies for scientific review articles.32

Ethical and societal aspects of 
AI in healthcare
 
Patient safety
Higher patient safety is one of the fore-
most drivers behind the great interest 
in AI in healthcare. Many studies have 
demonstrated positive results in terms 
of using AI to improve diagnostics, 
prognoses and medical decision-mak-
ing. At the same time, there is greater 
awareness that there are also potential 
patient safety risks linked to AI.

Atypical cases
An AI algorithm does not learn facts 
about the world but facts about the 
 database on which it has been trained 
(see box on p. 5). When it is faced with 
data and scenarios that  deviate from 
the training data, accuracy can there-
fore fall. In a clinical setting, this can 
lead to lower  reliability if an  algorithm 
is used on “ atypical” patients who have 
not been represented in the training 
data, on a patient group for whom the 
 system was not intended or if there 
are changes to the patient group over 
time. In one case, all it took was im-
ages coming from a different scan-
ner for the reliability to be impaired.33 
Dynamic algorithms that adjust their 
models as they encounter new cases 
could counteract such effects but at 
the same time may lead to less control 
over the data from which the algorithm 
learns, which can lead to other unde-
sired effects (see p. 6). The fact that in 
many cases we do not know how an al-
gorithm reaches its results (see box on 
p. 9) can make it harder to predict such 
errors and understand what the errors 
are due to when they occur.
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is a particularly high risk of this with 
systems that have shown themselves to 
be generally reliable.38

Balancing benefit and risk
The way that algorithms learn means 
that a system can have high reliability 
in situations similar to those on which 
it has been trained, while it can make 
striking errors if it encounters data 
that deviate from the training data (see 
box above). Using AI in healthcare can 
therefore lead to many patients receiv-
ing better and faster care, while some 
patients are exposed to risks that would 
not have arisen had they been assessed 
by a doctor or other member of the 
healthcare team. One fundamental 
question is how the risk of errors is to 
be balanced against the healthcare ben-

Differentiating between covariation 
and causal links
AI algorithms are designed to detect 
connections in training data that can 
be used to make predictions when they 
are presented with new data. In a clin-
ical setting it is vital whether such a 
link reflects a causal relationship or 
not. However, today’s AI is not ca-
pable of making that distinction. An 
algorithm that was to aid doctors in 
predicting the risk of dying of pneu-
monia found that patients with asthma 
were less likely to do so than the pop-
ulation in general.34 This contra-intu-
itive finding is due to the fact that, as 
a rule, asthmatics with pneumonia are 
admitted to intensive care immediate-
ly and therefore have lower mortality 
rates. The fact that algorithms do not 
“understand” causal connections be-
comes particularly problematic with 
non-transparent models where it is un-
clear how the algorithm has reached its 
results (see box on p. 9).

Skills loss
Even today, much of our collective 
medical knowledge is stored in medical 
literature, registers and different health 
data systems, not with individual prac-
titioners. This trend may be accelerated 
if AI takes over more and more health-
care tasks and we increasingly trust its 
decisions. There is a risk that AI sys-
tems will take over the role of the re-
pository of collective medical exper-
tise and that there will be a skills loss 
among staff.35 This can lead to risks to 
patient safety were the systems to col-
lapse. Non-transparent systems that 
healthcare staff do not understand can 
heighten this risk.

“Automation bias”
If AI support is used for greater num-
bers of healthcare decisions, there is 
a risk of what is termed “automation 
bias”, where staff rely too much on au-
tomated decision support systems and 
stop looking for evidence that con-
firms or contradicts the results. There 

Good models demand good quality data

The quality of the data that an AI algorithm uses during training 
is crucial to the reliability of the algorithm. If the training data 
contains too few data points or if relevant variables are miss-
ing, the algorithm cannot predict output values with sufficient 
precision. If the examples in the training data instead contain 
incorrect or irrelevant information (“noise”), the model may 
be too well adapted to the training data, leading to the system 
having lower accuracy when faced with new examples. One 
example is an algorithm for recognising skin cancer which was 
found to be using the markings that doctors often make on 
suspected cancer cases as the basis for its diagnosis.36

“Artificial stupidity”

During the training phase, an algorithm learns to recognise 
patterns in the training data. In image diagnostics, the applica-
tion normally has to go through a large number of images to 
find patterns that distinguish positive responses from negative 
ones. However, studies show that what an AI algorithm “recog-
nises” when it identifies a certain type of object can be some-
thing completely different from what we humans associate with 
the same object. This has been found to lead to surprising er-
rors, where things that we would classify as unidentifiable noise 
are perceived as an object, or where small, insignificant chang-
es lead to the object being completely reinterpreted.37 Errors of 
this type could have serious consequences in healthcare.
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efits that AI can offer. Is it acceptable 
that a smaller number of patients risk 
being harmed if many patients receive 
better care at the same time?

Medicalisation and over-diagnosis 
Increased use of AI-based health apps 
and wearable technology can lead to 
early detection of disease and greater 
independence for the patient. However, 
constantly monitoring a person’s health 
status could also lead to health stress 
and to medicalising problems that are 
fundamentally down to psychosocial 
factors. Just as with other screening,* 
algorithms that examine the EHRs 
of a large number of patients with the 
aim of detecting disease or risk of dis-
ease can result in overdiagnosis and 
over-treatment and create unnecessary 
worry in people who are healthy.

Equality and non-discrimination 
As with other new methods and tech-
nologies that are assumed to be able to 
lead to improved health for the popula-
tion AI in healthcare raises the ques-
tion of how equitable access is to be 
assured, such that the introduction of 
AI in healthcare does not risk exacer-
bating health gaps, e.g. between differ-
ent socioeconomic groups or between 
different regions of a country. As with 
other methods in healthcare, there may 
be a risk that, for commercial reasons, 
developers will concentrate on diseases 
and conditions that many people suffer 
and that patients with rare diseases will 
not find it as easy to gain access to the 
new tech nology.

Alongside this, due to its particular 
nature, AI risks bringing about new 
forms of inequalities or to reinforcing 
existing threats to equality.

Demand-driven instead of  
needs-driven healthcare
Higher use of AI-based patient-focused 
applications can lead to early detection 
of disease and greater independence for 
the patient. However, it can also lead to 

more demand-driven healthcare where 
patients increasingly seek healthcare 
for symptoms that a healthcare app has 
identified, possibly with a desire for a 
specific treatment that the app has pro-
posed. This could lead to patients with 
greater needs being crowded out and to 
inequalities between patients who use 
such apps and patients who do not. AI-
based  examination of EHRs to identi-
fy risk of disease can benefit patients 
with high consumption of healthcare 
and thus a large amount of data in their 
EHRs, which often reflects need, but 
not always.

Data-related bias
Many diseases manifest differently in 
men and women or young people and 
old people. There are genetic varia-
tions between different ethnic groups 
that may be significant in diagnosis 
and treatment. Women and older peo-
ple are often under-represented in clin-
ical trials, while genetic databases often 
have a preponderance of people of 
European origin.39 If a healthcare algo-
rithm learns from a training database 
in which certain groups of patients are 
under-represented, it can lead to these 
groups running a greater risk of misdi-
agnosis. The reason is that it produces 
higher accuracy overall if the algorithm 
adapts its predictions to the largest 
group.40 One example is skin cancer, 
which manifests differently in white 

* Tests to detect early disease or risk 
factors for disease in a large number 
of symptom-free people.

“ One fun-
damental 
question is 
how the risk 
of errors is to 
be balanced 
against the 
benefits that 
AI can offer in 
healthcare.”
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and dark-skinned patients. An algo-
rithm for diagnosing skin cancer that is 
mainly trained on white patients there-
fore risks being less accurate for dark-
skinned patients.41 One question will 
be whether we are prepared to accept 
such differences if at the same time it 
means better diagnosis and treatment 
for the vast majority of patients.

Even if variables such as age, sex, eth-
nic origin, etc. do not occur in training 
data, inequalities or discrimination can 
arise if variables in input data covary 
with such characteristics. In healthcare, 
for example, the use of variables that 
covary with age could lead to young-
er patients receiving an unintended 
advantage in prioritisation situations. 
This is because in many cases lower age 
increases the likelihood of a positive 
outcome.

The choice of output variable, what 
the algorithm is to predict, can also 
mean a risk of inequalities in  society 
being reproduced. Studies have shown 
that American doctors tend to mis-
take depression for schizophrenia more 
often in Afro-American patients than 
in white patients.42 An algorithm that 
learns to diagnose disease from pre-
vious diagnoses risks  reproducing 
such errors. Another example is an 
American algorithm used to predict 
 future risk of disease and thus the need 
for preventive healthcare measures. 
One study showed that Afro-American 
patients needed to be in poorer health 
than white patients to receive the same 
preventive health initiative.43 The rea-
son for this was that forecast healthcare 
costs were chosen as a measurement of 
future disease risk, something that dis-
favours Afro-Americans who generally 
receive less expensive healthcare than 
white Americans with the same sick-
ness burden.

The fact that many AI systems use 
non-transparent algorithms (see box 
on p. 9) can make it harder to detect 

different types of data-related bias and 
discrimination and the causes behind it.

Undermining the principle of  
shared risk
AI-based analyses that derive from 
 patient data could provide increasing-
ly precise predictions of future dis-
ease risk. For the patient, this means 
that preventive steps can be taken. 
However, such information could also 
be of interest to insurance companies 
in order to offer lower or higher pre-
miums depending on the future dis-
ease risk of the client. This can under-
mine the principle of shared risk that is 
fundamental to all insurance and lead 
to certain groups in society finding it 
harder to take out sickness insurance.

Society’s assessment of whether a treat-
ment is cost-effective and should be in-
cluded in the healthcare budget is also 
based on a form of risk sharing, as both 
the benefit and the cost usually  varies 
between different patients. With the 
help of AI, healthcare might be able to 
make increasingly precise predictions 
of the individual patient’s likelihood of 
benefitting from a particular treatment. 
This would thus give rise to the ques-
tion of whether patients who have lower 
chances of being helped should also be 
offered the treatment, or if the cost for 
these patients would be considered too 
high in relation to the expected effect.

Built-in values
Assessing different healthcare treat-
ment alternatives demands knowledge 
of the expected benefit and risk of the 
different options. However, weigh-
ing up expected benefit and risk is not 
merely a question of facts, but also of 
preferences or values. Is, for example, a 
highly effective treatment with severe 
side-effects preferable to a somewhat 
less effective treatment with fewer 
side-effects? Is the risk of complica-
tions from a certain operation balanced 
by the chance of avoiding life-long 
 dependence on healthcare?
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When an algorithm that provides treat-
ment recommendations is designed, 
it is therefore unavoidable that values 
and preferences of different kinds will 
be built in, e.g. through the choice of 
output variable that the algorithm is to 
 optimise.* The question becomes one 
of whose preferences and values are 
built in. Different doctors may make 
different judgements of which treat-
ment is most appropriate in a given sit-
uation.44 Patients often have different 
preferences in terms of weighing up ex-
pected benefits and risks, for example. 
The question then is how such differ-
ences can be accounted for in an AI-
supported healthcare system.

It has also been asserted that if AI al-
gorithms provide concrete recommen-
dations and advice to healthcare staff, 
they need to incorporate the ethical 
principles (e.g. beneficence, non-malef-
icence, respect for autonomy and jus-
tice45) that we consider should guide 
our healthcare.46 However, in order to 
be applied, ethical principles need to be 
interpreted and weighed against each 
other, and the question once more be-
comes whose interpretations and de-
liberations are to be built in. Moreover, 
it is not a given that ethical consider-
ations can always be represented by 
algorithms, particularly in situations 
where there is an information deficit 
and expected benefits and risks are not 
fully known.47

Abuse and malicious use

Unethical design
An algorithm could be deliberately de-
signed to optimise an outcome other 
than that considered desirable by soci-
ety. A parallel can be drawn with the 
Volkswagen scandal where the comput-
er systems of cars were programmed to 
produce the best outcomes in environ-
mental tests rather than the lowest pos-
sible emissions. Instead of optimising 
the health outcome, an algorithm could 
be designed to meet set quality criteria 

without this meaning better care, or to 
maximise the profits of the healthcare 
provider, e.g. by proposing measures 
that are rewarded in the reimbursement 
system.48 The lack of transparency of 
many algorithms can make it harder to 
detect “unethical design”.

Manipulation
The more functions of society are car-
ried out by AI systems, the more in-
centives there will be to attempt to 
influence these systems. Because the 
function of an algorithm is depen-
dent on the data on which it has been 
trained, one way of influencing a sys-
tem might be to use cyberattacks to 
manipulate the algorithm’s training 
database. Users might also be able to 
attempt to learn how a system works – 
possibly via other AI algorithms – in 
order to modify the values that are fed 
in with the aim of steering the outcome 
in the desired direction. In healthcare, 
the manipulation of AI systems could 
be used, for example, to circumvent 
treatment guidelines or affect reim-
bursement (particularly applicable to 
insurance-based healthcare systems).49

Autonomy
As stated, a recommendation from an 
AI algorithm builds on consciously or 
unconsciously built-in values. When 
increasing numbers of large and small 
decisions are entirely or partly left to 
algorithms to decide, our choices can 
be steered in a way that, often with-
out us noticing, risks undermining our 
power over ourselves, our lives and 
the society in which we live. This also 
 applies in the healthcare system. If the 
healthcare offered is steered by algo-
rithms that work out which treatment 
plan is considered to best benefit the 
patient – and best meet the patient’s 
preferences – this can lead to restrict-
ing patient autonomy. This is partic-
ularly true if it is a non-transparent 
system where the healthcare staff are 
unable to explain the basis on which 
the choices were made (see box on p. 9).

* Questions of values are also rele-
vant in diagnostic AI systems. It can, 
for example, be considered more 
important that the algorithm does 
not miss any cases of disease than 
that it sometimes wrongly decides 
that a healthy patient is sick. At 
the same time, too many “false 
positives” can use up resources that 
are needed for other patients, which 
may also need to be factored in.
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Using AI to predict future risk of dis-
ease through broad analyses of patient 
data raises questions of what consent 
should be required from the patient 
and how the patient’s best interests 
from a health perspective are to be 
weighed against the right to refuse care 
and to say no to unwanted health infor-
mation.

Health apps and wearable technology 
based on AI can lead to patients having 
greater control of their own health and 
greater autonomy. However, constant 
monitoring of one’s own health sta-
tus can also lead to health stress, where 
worry about one’s own health takes 
over one’s life and restricts autonomy 
in practical terms.50

Privacy
Developing AI algorithms in health-
care takes huge amounts of patient 
data, including highly sensitive infor-
mation such as case histories, test re-
sults, information reported by patients, 
diagnoses, etc. This raises general ques-
tions linked to Big Data, such as, for 
example, how companies are able to 
obtain access to the data from health-
care providers that they need to devel-
op new applications, while protecting 
the patient’s privacy and safeguarding 
the right to control of one’s own per-
sonal data.

When it is not necessary to be able to 
track who the data comes from, e.g. 
when an algorithm is being trained, 
the basic approach is that algorithms 
should only have access to anonymised 
data. But given sufficient amounts of 
anonymised data it can be possible – 
with the help of AI – to reidentify in-
dividuals.51 What are termed synthetic 
databases are one proposed way of get-
ting round this is. These are construct-
ed based on real personal data such 
that important information at group 
level is preserved but each “person” in 
the database does not represent any ac-
tual person.52

The black box problem

Many companies see AI algorithms as corporate secrets that 
are not shared.53 However, due to their complexity, algorithms 
for deep machine learning and other advanced AI algorithms 
are by their nature non-transparent technologies, in which we 
often do not know how or on what basis an algorithm reaches 
its results. The lack of transparency of many AI algorithms is 
termed the “black box problem”.

In healthcare, the black box problem creates challenges in 
terms of patient safety, non-discrimination, autonomy, respon-
sibility and trust. To tackle such challenges, many would like to 
see greater transparency in AI systems.54 Some experts have 
gone so far as to order a halt to the use of all non-transpar-
ent algorithms by public agencies.55 Others consider that the 
focus should be on developing technologies for explaining how 
non-transparent AI systems make decisions so as to increase 
transparency and reduce the risk of error.56

One objection is that if we want to exploit the full potential of AI 
and not slow development – e.g. when it comes to diagnosing 
diseases with greater precision than humans are capable of – 
we might have to give up on transparency and the possibility of 
understanding the grounds on which the decisions are made. 
The reason is that advanced AI algorithms handle information 
at a completely different level of complexity than the human 
brain is capable of.57 Some even claim that really advanced 
algorithms are by their nature impossible to explain.58 What 
is crucial, however, is not that we understand how the algo-
rithms work – we do not know how all drugs work either – but 
that they are safe and effective. Therefore, it is said, the focus 
should not be on transparency and explanations but on validat-
ing the reliability of the algorithms in the context in which they 
are to be used.59

Particular problems of privacy are 
raised in neurotechnology where AI is 
linked to human brains via brain-com-
puter interfaces (BCI). This kind of 
technology has already been developed 
to control prostheses and might be-
come very important in treating diseas-
es such as epilepsy, schizophrenia and 
paralysis. However, it might also make 
it possible to decode mental processes 
and directly manipulate the brain.60

Privacy questions can also arise if AI is 
used for different forms of monitoring, 
e.g. monitoring patients in the home to 
prevent hospitalisation.61
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Responsibility
Healthcare staff perform their work 
subject to professional liability and can 
be held legally responsible for incor-
rect assessments and decisions. Higher 
use of AI in healthcare  raises the ques-
tion of where the legal responsibility 
should lie if a diagnosis or a treatment 
recommendation from an algorithm 
proves to be wrong. Is it fair to hold 
the healthcare staff responsible for 
 assessments made by impenetrable 
“black boxes” whose processes no-one 
can explain (see box on p. 9)? If not, 
who should then be held responsible? 
The programmer? The manufacturer? 
The agency that approved the system?  
Or the hospital that used it? Can the 
system itself be held liable? Perhaps 
legal responsibility ought to be seen as 
being shared between several different 
parties.

To clarify the question of responsibil-
ity, it is sometimes asserted that AI in 
healthcare should work as a “decision 
assistant” and not a “decision maker” 
(compare the discussion on augmented 
intelligence on p. 2).62 If an algorithm 
issues a treatment recommendation 
that does not follow applicable guide-
lines, the doctor has to assess wheth-
er or not it should be followed. Such 
an approach makes the question of re-
sponsibility clear – the decision is the 
doctor’s, who is also responsible for it.*

However, it is not certain that the treat-
ment proposed by the guidelines will 
be the optimal one or that the doctor’s 
assessment is necessarily better. The al-
gorithm may have discovered that there 
are cases where the outcome is bet-
ter with a treatment different from the 
recommended one.63 One important 
purpose of incorporating AI in health-
care is precisely to improve assessments 
compared with the prevailing situa-
tion. If the algorithm is transparent 
and the doctor understands how it has 
reached its results, it may be possible to 
evaluate whether or not an unexpected 

recommendation should be followed. 
However, to increase transparency, it 
may be necessary to accept a reduction 
in accuracy (see box on p. 9). If we want 
healthcare staff to take responsibility 
for decisions founded on AI-based rec-
ommendations, we will perhaps have 
to choose algorithms that are in some 
cases less accurate.

If AI algorithms become even better 
and incorrect recommendations in-
creasingly fewer, we may reach a point 
where doctors are expected to follow a 
recommendation. It has been claimed 
that a situation in which a doctor is ex-
pected to follow a recommendation 
from an algorithm, the designer of the 
algorithm must be held responsible for 
potential erroneous decisions.64 One ar-
gument in favour of holding developers 
responsible is that they are in the best 
position to prevent harmful outcomes. 
A risk with such a principle is that it 
may have a chilling effect on the devel-
opment of new algorithms.65

Trust
If AI is to be implemented successful-
ly in healthcare and patients are to be 
able to share in the benefits that the 
technology has to offer, patients and 
healthcare staff alike must be able to 
trust the AI systems. If the assessments 
made by the algorithms fail to main-
tain high reliability, or are less precise 
for certain patient groups, there is a 
risk that trust in AI will fall for pa-
tients and healthcare staff. Even if the 
algorithms have high general reliabili-
ty, trust may be damaged if they some-
times make striking errors that a pro-
fessional human would not make. This 
can also damage trust in healthcare in 
general.

Moreover, patients need to be able 
to trust that their data is protected. 
Questions of responsibility must be 
clear if the healthcare staff are to have 
the confidence to follow recommenda-
tions made by AI algorithms.

* An equivalent situation may arise 
for other groups of staff, e.g. if a 
biomedical analyst receives a result 
from an AI application that deviates 
significantly from expected.
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The question is also how trust is affect-
ed if increasing numbers of patients 
receive diagnosis and treatment sug-
gestions directly from patient-focused 
AI apps without any human interven-
tion. Will a doctor’s professional exper-
tise be valued less highly, and can this 
reduce trust in healthcare? The ques-
tion of trust also becomes relevant if 
the suggestions patients receive from 
an app differ from those they receive 
from their doctor, especially if the doc-
tor does not understand how the algo-
rithm works and cannot explain how 
it reached its suggestions. The ques-
tion becomes who the patient will trust 
most.

The black box problem (se box on  
p. 9) also has a bearing on the ques-
tion of trust. Transparency and open-
ness with respect to the data used by an 
algorithm and the logic that controls 
it can increase trust, partly because 
it becomes easier to assess reliability. 
Vice versa, secret or impenetrable al-
gorithms can reduce trust and lead to 
slowing the implementation of meth-
ods that could potentially improve 
quality. Too much openness, how ever, 
seems capable of having the opposite 
effect on trust and also opens up op-
portunities for manipulation, which 
can itself reduce trust.66

Today there are many health apps 
where patients communicate with 
healthcare staff by video. At the same 
time, it is becoming increasingly com-
mon for patient-focused AI applica-
tions to use computer generated “vir-
tual health assistants” in the interface 
with patients, possibly with the aim of 
creating trust. When the technology 
is fine-tuned, these can be increasing-
ly hard to distinguish from real people. 
This gives rise to the question of how 
it affects trust in healthcare if it is not 
certain whether what one is meeting 
in a health app is a “bot” or a human 
healthcare provider. Should the patient 
have the right to always know whether 

they are interacting with a human or a 
computer?

Relationships
Greater use of patient-focused AI ap-
plications can affect the traditional 
relationship between the patient and 
healthcare staff. AI-based health apps 
and wearable technology can strength-
en patients’ control of and knowledge 
of their disease and create a more equal 
relationship with staff. At the same 
time, healthcare staff may increasing-
ly come to see patients arriving with 
ready-made diagnoses and treatment 
suggestions that they have been given 
by AI applications. This can lead to a 
new allocation of roles between patient 
and healthcare staff where the latter in-
creasingly take on the role of quality as-
suring or interpreting the information 
the patient has already received. 

As AI systems in healthcare take over 
increasing numbers of routine tasks, 
more of the healthcare staff’s time 
could be freed up for patient meetings. 
In a longer perspective, however, it is 
possible that a larger proportion of pa-
tients’ interaction with the health sys-
tem will be with AI systems instead of 
people. One question is the impact that 
not seeing a doctor or nurse has on pa-
tient wellbeing and the impact on pa-
tient trust in the healthcare system of 
patients not encountering any people 
who can convey that trust.

Another consequence, if automated sys-
tems increasingly take over more of the 
tasks hitherto carried out by doctors and 
other healthcare staff, may be that the 
traditional relationship between patient 
and healthcare staff is weakened and the 
central relationship becomes that be-
tween patient and healthcare system.67 
This in turn may lead to undermining 
the concept of professional responsi-
bility in the health system, which could 
have negative consequences for patient 
safety.

“ Will the 
professional 
expertise of 
doctors be 
valued less  
and can this 
reduce trust 
in health-
care?”
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Challenges for the future
AI in healthcare has great potential to create ben-
efit for patients and society. AI can play a part in 
greater accuracy of diagnosis, earlier detection of 
disease and more personalized treatment. Patient-
focused applications can give patients better con-
trol of their disease and so increase independence 
and quality of life. From the perspective of soci-
ety, AI can help to improve public health and lead 
to a more efficient use of resources. At the same 
time, AI in healthcare means several significant 
challenges of a technical, legal and ethical nature. 
These challenges need to be highlighted and tack-
led to prevent the individual from harm and trust 
in the technology from being impaired leading to 
fewer opportunities to exploit the opportunities 
that AI opens up.

QUALITY ASSURANCE. How can algorithms intend-
ed to be used in the healthcare system be quality 
assured and how can it be ensured that the databas-
es on which algorithms are trained and tested are 
clinically relevant and representative of the patients 
for whom they will be used? Which processes must 
be in place for approval and monitoring? By law, 
Swedish healthcare staff must provide care that 
complies with science and proven experience, while 
technical equipment is bound by no such undertak-
ing. This regulatory framework may need to be mod-
ified when care is provided to a greater extent by 
computer systems and not people. Dynamic systems 
that constantly change their models create special 
challenges in terms of quality assurance.

TRANSPARENCY. Non-transparent systems can 
undermine the trust of patients and healthcare staff 
and make it harder to identify and tackle bias and 
error. How can the systems be made more trans-
parent? How should the balance between transpar-
ency and reliability be determined? Should different 
degrees of transparency be demanded depending 
on whether, for example, the issue is one of diag-
nosis, treatment recommendations or healthcare 
decisions?

RESPONSIBILITY. Moral responsibility presumes an 
opportunity and a mandate to exert influence, and 
sufficient information to evaluate different courses of 
action. Where does the responsibility lie if an AI algo-
rithm makes an incorrect assessment and this leads 
to a patient being harmed? How should the legal 
framework be designed such that responsibility can 
be demanded at the right level? Should legal respon-
sibility be able to be split between different actors?

EQUALITY AND SOLIDARITY. How do we ensure 
that the health benefits that AI in healthcare can 
bring benefit the whole population? How can we 
ensure that assessments made by AI algorithms 
in healthcare reflect reasonable values and do not 
involve discrimination or inequality? How can the 
principle of shared risk, on which the public health 
service is based, be maintained if, with the help of AI 
in combination with large amounts of personal data, 
we can make increasingly precise assessments of the 
individual’s risk of illness?

AUTONOMY. How are patients’ values to be tak-
en into account in AI-supported healthcare such 
that patient autonomy is not reduced? What rights 
are patients to have when it comes to having algo-
rithm-based assessments and decisions explained to 
them so that they can make informed decisions on 
their care? Should the patient have the right to a sec-
ond opinion by a doctor? Should there be the right to 
say no to AI healthcare?

PRIVACY AND DATA PROTECTION. The right to 
protection of privacy when an increasing amount 
of data is gathered on an individual citizen is not 
a question that only concerns AI. Given the large 
amount of sensitive patient data that is demanded 
to develop health-related AI, however, it is vital that 
questions of data protection and the right to con-
trol over one’s own personal data are resolved, and 
that a solution is found to the question of how data 
can be made available to developers in a way that is 
ethically sustainable.
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Conclusion
AI in healthcare that is designed, intro-
duced and monitored in a well thought-
out way can bring benefits for patients 
and society. This presumes awareness 
of the opportunities and the risks that 
the technology involves. It is import-

ant to take the ethical challenges asso-
ciated with AI seriously and not to see 
them as obstacles to innovation but as 
something that can stimulate and guide 
development towards applications that 
foster common goals and values.
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