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Artificial intelligence and the clinical world: a view

from the front line

Christopher Pearce’?, Adam McLeod', Natalie Rinehart’, Robin Whyte®, Elizabeth Deveny”, Marianne Shearer®

Decision support tools driven by artificial intelligence are a
new clinical method that clinicians need to embrace

society, where our lives are now driven by the digital

revolution. Health has lagged behind, in part because it
remains focused on human interactions. While digital inter-
actions with banks are now the norm, most aspects of health
still require human interaction. Recently The Lancet opined: “A
scenario in which medical information, gathered at the point
of care, is analysed using sophisticated machine algorithms
to provide real-time actionable analytics, seems to be within
touching distance”. This was closely followed by “Despite the
excitement around these sophisticated [artificial intelligence]
technologies, very few are in clinical use”.! In this article, we
describe such an algorithm that was deployed in Australia in
2018, with commentary on issues that were once theoretical
but now need to be considered in detail.

The practice of medicine is changing rapidly, in line with

Building on a previous program,” several primary health net-
works (PHNSs) across Victoria and Sydney have made available
their pooled, de-identified primary care data for collaborative
research. With recent expansion, Outcome Health’s POLAR
(Population Level Analysis and Reporting tool) Data Space will
have information from more than 500 practices. The Victorian
PHN s involved are piloting a predictive tool to assist general
practitioners with determining a patient’s individual risk of at-
tending an emergency department (ED).

Risk of ED attendance is a long-standing problem. Reduction
of avoidable hospital admissions is key to improving quality
of life of patients and effectively managing expensive hospital
resources. As reducing avoidable hospitalisations is one of the
goals of PHN activities, targeting risk determination is a priority
for the PHNs involved in the predictive tool pilot.

Numerous predictive algorithms and models have been devel-
oped overseas (mostly using linear regression models) with the
aim of identifying risk of emergency presentation, admission
and re-admission among patients.” ® These tools have had vary-
ing success but have often struggled to show good sensitivity
and recall over broader groups. In addition, they generally do
not offer effective information to inform GPs during their con-
sultations with patients.

The POLAR Diversion Plan developed an automated decision
support tool (DST) for ED admission risk based on general prac-
tice clinical and billing data.” The DST was designed to, at the
point of consultation, calculate patient alerts based on general
practice data alone. A key strength of this approach is clear: it
can be delivered automatically to the GP when the patient is sit-
ting with them, which enables immediate intervention that may
reduce risk. An example is shown in Box 1.

This project used machine learning, which is a subset of techniques
termed artificial intelligence (advanced computer techniques for

processing information). Machine learning has many variations,
but they all share an important difference from traditional statisti-
cal methods — the ability to make accurate predictions on unseen
data.® Machine learning is also characterised by the ability to con-
tinue learning with new information. To optimise the prediction
accuracy, often the methods do not attempt to produce interpreta-
ble models, which enables machine learning to handle the large
numbers of variables that most big datasets have.”"’

By using linked records of all patients admitted to an ED over
5 years, we were able to map the general practice journeys of all
those patients. Data from 17 067 GP visits for 8479 unique pa-
tients (excluding injury-based presentations) were used. These
data were fed into the machine learning program, and 157 330
individual attribute values were used to train the model.

The output of this was a DST that can be run on the data in a
GP’s home system and can give a risk profile at the time of con-
sultation. When validated with data that had been withheld
(to test the model), the tool had a precision/positive predictive
value (PPV) of 74% and recall/sensitivity of 68% for patients who
were admitted within 30 days (Box 2). It correctly predicted the
risk of a patient attending an ED in the next 30 days with accu-
racy equivalent to or greater than previously published work.
So the accuracy of POLAR at 0-30 days is comparable with that
of QAdmissions at 1 year (73% PPV, 70% recall/sensitivity) and
PEONY (Predicting Emergency Admissions Over the Next Year)
at 1 year (67% PPV, 4% recall /sensitivity).””

We converted the raw risk scores generated by the program into
three categories — very high risk, high risk or low risk of ED ad-
mission — for use at the desktop. The upshot of the accuracy of
this tool is that it was deployed, by PHNs involved in the project,
to practices during the latter half of 2018. This makes it the larg-
est real-world deployment of an artificial intelligence tool for pri-
mary health care in Australia, and one of the largest in the world.

This type of tool raises two issues: how interactions with data
will redefine a meaningful health care system, and the role of
computing analytics in the traditionally dyadic doctor—patient
relationship." In the past, all data about patients could be con-
tained either in their doctor’s head or on small pieces of paper.
Now patients generate vast amounts of data contained in a
digital environment. The “physical patient” must be combined
with the “data patient” to become the “patient interactive”."”
Medicine was once the province of tradition and common prac-
tice. The introduction of the scientific method created the first
systematic way of using data to improve patient care. In the
middle of the past century, the development of medical col-
leges started to further systematise the quality aspects of care.
However, as the amount of data increases, our ability (as hu-
mans) to process data has diminished. So increasingly we are
looking to computing power to help us.

Our view is that the next wave of health care revolution is going
to involve artificial intelligence, precision medicine (targeted
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admission based on general practice data

PATIENT INFORMATION

Name: Joe Bloggs

Demographics

Age:62 Gender:M Pensioner: Not Specified  ATSI Status: Not Specified

Risk Factors

Smoking Status: Not Specified
Alcohol Status: 15-20 SD/PW
Allergies: Nil Known BMI: 32.1

Risk Of ED Presentation: High

1 Screenshot from a decision support tool that predicts risk of emergency department

RISK OF ED PRESENTATION

Most Recent Visit Information
Last Visit 2018-05-03

Diagnosis (Active and Most Recent) Medications (Last 8 Months)

MEDIUM

2018-03-01 Vitamin D Deficiency 2018-03-01 Amoxycillin/clavulanic acid
2017-10-21 Sinusitis 2017-10-21 Doxycycline
2017-08-30 Diarrhoea :
2017-08-30 L¢ d
2016-07-02 Backache S

2016-07-02 Paracetamol codeine phosphate

Measures (Last 5 Years) Test Results (Last Year)

233?36_02 lesetgnscure 13\2/alue j Date Test Value Abnormal =
2017-06-02 Diastolic 88 2017-06-02  HBA1C 65 mmol/mol  H
2017-06-02 BMI 32 2017-06-02  HBAIC 60 mmol/mol ~ H
2016-12-01 Systolic 128 2017-06-02  HBA1C 62 mmol/mol  H
2016-12-01 Diastolic 89 2017-06-02  Fasting Glucose%  10.3 H
2016-11-02  BMI 28

2016-11-02 Systolic 128

2016-11-02 Diastolic 89 =

Date Text & Date Generic Name &
2018-05-03 Influenza 2018-05-03 Insulin ~ (Repeats)
2014-06-23 Type 2 Diabetes Mellitus
1990-02-08 Asthma
= =
Measures Test Results
Date Measure Value 2 Date Test Value  Abnormal 7
2018-05-03 Systolic 195 2018-05-03  C-Reactive Protein 256 mg/I H
2018-05-03 Diastolic %0
2018-05-03 Temp 395
-l -l
Clinical History (not including most recent visit)
Diagnosis (Prior 10 years ) Medicines (Prior 8 Months- 2 Years)
Date Text 4 Date Generic Name -

[
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previous revolutions. The two can exist
in harmony, providing support to the
growing health care sector and better
outcomes for patients.

The artificial intelligence DST that we de-
scribe in this article, and the many more
that will follow, mean that issues relat-
ing to artificial intelligence DSTs are no
longer theoretical. These are some of the
lessons we learned and views we gained
while developing the DST and consider-
ing how these types of programs will be

HIGH used in the future.

« DSTs provide decision support, not
decision replacement. While some
areas might be more prone to human
replacement (radiology is a commonly
raised area), DSTs support clinicians at
the time of interaction and are deliber-
ately framed to provide risk ratings — it
is still up to the doctor—patient dyad
to decide what to do. What this might
entail should be the subject of post-im-
plementation study. Individual social
circumstance, or subtler medical cir-
cumstance, cannot be known by “the
machine”, and the relationship should
always remain the authority, with the
DST assisting the doctor—patient dyad
to make a decision. We no longer talk of
the algorithm but of the DST.

o Regulation for DSTs is currently ab-
sent.”” In deciding to deploy our DST,
there was no regulation or guideline
to assist us, unlike if we were recom-
mending a new treatment or proce-
dure. Our own governance and clinical
risk assessment framed the risk as low,
as the recommendation is to the clini-
cian, who must then decide using their
usual skills on what to do (or not do).

2 Outcomes of algorithms applied to test data relating to
predicting emergency department (ED) admissions

Precision/positive

Algorithm predictive value Recall/sensitivity
ED attendance during days 74% 68%

0-30

ED attendance during days 37% 10%
31-365

No ED attendance within 82% 96%

365 days

care using genomic data) and other concepts that have not yet
been conceived. Much of the commentary in the clinical press
expresses fear, uncertainty and doubt — radiologists will be-
come redundant, robots will replace clinicians, and so on. The
reality is much more prosaic and can be positive rather than
negative. But the clinical community must come to terms with
this new wave, in the same way as it had to come to terms with

« Robust ethical considerations are absent, although there has

been discussion of computers as “moral actors”.* Again, by
providing advice to the clinician, DSTs are dependent on ex-
isting ethical frameworks and rely on doctor—patient relation-
ships. However, this will not last without due consideration of
a new ethical framework.

From a medico-legal viewpoint, we need to consider who
will be responsible for what. What are the implications of a
clinician ignoring a DST recommendation? Or following the
recommendation and the patient experiencing a bad outcome?
And if the DST is wrong;, is it the program or the programmer
that is held responsible? And is it now a medico-legal require-
ment to provide good data?

Existence of good quality data is vital to DST success.” But
good quality data cannot be mandated — they must be driven
by providing clinical utility. Our view is that good quality
data are now an essential part of good medical practice, and
clinicians who do not create good quality data are not provid-
ing good quality care, for a range of reasons such as denying
patient access to tools such as DSTs.
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« Clinicians need to change their viewpoint of the clinical pro-
cess. Using DSTs is a new clinical method. Some DSTs will be
better than humans at what they do. This does not mean that
doctors are missing vital information, it simply means that
computing power can now process data and make connec-
tions in ways that humans cannot. By the same token, comput-
ers lack intuition and the capacity for emotional connections.®
The clinical interaction of the future will acknowledge the
strengths of each party (computer, clinician and patient).

Famously, Facebook started with the motto “move fast and
break things” — an approach which is the complete antithesis of
clinical medicine, which advocates a cautious, tested approach.
Neither will be appropriate in the future, as the potential power

of computing is applied in earnest. DSTs driven by artificial in-
telligence are the beginning. The clinical community needs a
better understanding of, and opportunity to engage with, these
developments. The next wave of innovation in medicine is here.
We should invite it in, rather than resist it.
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