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Chart 23-1. Survival rates after out-of-hospital cardiac arrest in US sites of the Resuscitation Outcomes 
Consortium, 2006 to 2014. 
AED indicates automated external defibrillator; CPR, cardiopulmonary resuscitation; and EMS, emergency medical services.
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a  b  s  t  r  a  c  t

Introduction:  Despite  advancements  in  management  of cardiac  arrest,  mortality  remains  high and  few
severity  of  illness  scoring  systems  have  been  calibrated  in  this  population.  The  goal  of  the  current  inves-
tigation  was  to  assess  the  Acute  Physiology  and  Chronic  Health  Evaluation  II score  in post-cardiac  arrest.
Measurements:  This  is  a prospective  observational  study  of  adult  post-cardiac  arrest  patients  at  a  tertiary-
care  center.  The  primary  outcome  variable  was  in-hospital  mortality  and  secondary  outcome  variable  was
neurologic  outcome.  APACHE  II scores  were  used  to predict  outcomes  using  logistic  modeling.
Main  results:  A  total  of  228  subjects  were  included  in  the  analysis.  The  median  age  of  the  cohort  was
70  (IQR:  64–71)  and  32%  (72/228)  of  the patients  were  female.  The  median  downtime  was  15  min  (IQR:
7–27)  and  initial  lactate  5.9  mmol/L  (IQR:  3.5–8.4).  71 (57%)  of  deaths  occurred  prior to  the  72-h  follow-
up  and  overall  in-hospital  mortality  was  55%  (125/228).  Discrimination  of  APACHE  II score  in  all  cardiac
arrest  patients  increased  in  stepwise  fashion  from  0-h  to 72-h  follow-up  (AUC:  0-h:  0.62;  24-h:  0.75;
48-h:  0.82;  72-h:  0.86).
Conclusions:  APACHE  II  score  is  a  poor  predictor  of outcome  at  time  zero  for  out-of-hospital  cardiac  arrest
(OHCA)  post-arrest  patients  consistent  with  the  original  development  of  the  score  in the critically  ill.  For
in-hospital  cardiac  arrest  (IHCA)  at time  zero  and  for both  IHCA  and  OHCA  at  24 h and  beyond,  the APACHE
II score  was  a modest  indicator  of  illness  severity  and  predictor  of  mortality/neurologic  morbidity.

© 2012 Elsevier Ireland Ltd. All rights reserved.

1. Introduction

Cardiac arrest occurs in over 400,000 patients per year in the
United States.1 Mortality rates remain high with recent estimates
of greater than 90% in some locations.2 Furthermore, the majority
of patients who survive initial resuscitation efforts often succumb
during the post-arrest period due to neurologic injury, refractory
shock, or recurrent arrest.3,4 Previous reports in cardiac arrest have
demonstrated that survival following cardiac arrest is dependent
on characteristics specific to the event itself including location,
presence or absence of bystander cardiopulmonary resuscitation
(CPR), access to advanced life support (ALS), initial cardiac rhythm,
no-flow and low-flow intervals.5 Severity of illness scoring systems
designed for the general critically ill population do not take these
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arrest-specific factors into account and therefore the application of
these scoring systems in post-cardiac arrest patients remains less
clear. While several of these scores are utilized when describing
post-arrest populations in the literature, the majority of severity
indices have not been validated specifically in the post-arrest pop-
ulation.

Severity of illness prediction models in the post-arrest popula-
tion can serve several purposes including risk prediction of death to
help with family coping and expectations, risk adjustment for com-
paring patient populations for quality assessment and research,
and stratification of patients entering into clinical investigation.
The Acute Physiology and Chronic Health Evaluation II (APACHE II)
score, a severity of illness score that was derived and validated in
a critically ill population, is a composite measure of 12 variables
including chronic co-morbid conditions as well as acute patho-
physiologic parameters.6 The score has been validated in general
critical illness as well as in specific patient populations including
the surgical7 and trauma patients.8,9 Though first derived in 1985,
the APACHE II score remains relevant in 2012 as illustrated by over
50 publications this year alone based on this scoring system.10–13

The post-arrest condition is heavily dependent on pre-arrest and
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Background:  There  are  few  data  comparing  outcome  and  the  utility  of  severity  of illness  scoring  systems
following  intensive  care  after  out-of-hospital  (OHCA),  in-hospital  (IHCA)  and  intensive  care  unit  (ICUCA)
cardiac  arrest.  We  investigated  survival,  factors  associated  with  survival  and  the  correlation  and  accuracy
of general  and  specific  scoring  systems,  including  the  Apache  III  score  and  the  OHCA  score in  OHCA,  IHCA
and  ICUCA  patients.
Material and  methods:  Prospective  analysis  of  data  on  all  cardiac  arrest  patients  treated  in  a tertiary
hospital  between  August  1st  2008  and  July  30th  2010.  Collected  data  included  resuscitation  and  post-
resuscitation  care  data  as  defined  by  the  Utstein  Guidelines,  Apache  III  on  admission  and  the  OHCA  score
on admission  in  OHCA  and  IHCA  patients  and  after  the  arrest  in ICUCA  patients.  Statistical  methods
were  used  to  identify  factors  associated  with  outcome  and  the  predictive  ability  and  correlation  of  the
aforementioned  scores.
Results:  Of  a total  of  3931  patients  treated  in the  ICU,  51  were  admitted  following  OHCA,  50  following  IHCA
and 22  suffered  an  ICUCA  and  had  sustained  return  of  spontaneous  circulation  (ROSC).  Survival  at  30  days
was highest  among  ICUCAs  (67%)  followed  by  IHCAs  (38%)  and  OHCAs  (29%).  Using  multivariate  analysis
delay  ROSC  was  the  only  independent  predictor  of survival.  The  OHCA  score  performed  with  moderate
accuracy  for predicting  30-day  mortality  (area  under  the curve  0.77  [0.69–0.86]  and  was  slightly better
than  the  Apache  III score  0.71  (0.61–0.80).  Using  multiple  logistic  regression  the  Apache  III  and  the  OHCA
score  were  both  independent  predictors  of  hospital  survival  and  correlation  between  these  two  scores
was  weak  (correlation  coefficient  of  0.244).
Conclusions:  Latency  to  ROSC  seems  to  be  the  most  important  determinant  of  survival  in patients  fol-
lowing  ICU  care  after  a  cardiac  arrest  in  this  single  center  trial.  The  OHCA  score  and  the  Apache  III score
offer moderate  predictive  accuracy  in  ICU  cardiac  arrest  patients  but  correlated  weakly  with  each  other.
Illness  severity  adjustment  for  cardiac  arrest  patients  in  ICU  should  include  features  of  both  these  scoring
systems.

© 2012 Elsevier Ireland Ltd. All rights reserved.

1. Introduction

Hospital survival following cardiac arrest (CA) varies widely in
published reports.1,2 Studies have outlined prognostic factors in
different cardiac arrest populations, but few studies have focused
on patients admitted to intensive care.3 Registry data on differences

! A Spanish translated version of the abstract of this article appears as Appendix
in  the final online version at doi:10.1016/j.resuscitation.2011.11.036.
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in outcome and management of patients depending on whether
the patients suffered the arrest in the community, in the intensive
care unit or in the hospital exist, but these reports lack resusci-
tation data.4,5 The CA patient form a heterogeneous group of ICU
patients and it is unclear whether co-morbidities, severity of ill-
ness or factors at resuscitation influence their outcome following
post-resuscitation care.

Severity of illness adjustment is important in epidemiolog-
ical research and probably the most utilized tool is the Acute
Physiology and Chronic Health Evaluation (Apache) III severity
of illness score.6,7 However, the Apache II score seem at best to
offer moderate accuracy for outcome prediction in cardiac arrest
patients treated in the ICU.8 The recent out-of-hospital cardiac
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offer moderate  predictive  accuracy  in  ICU  cardiac  arrest  patients  but  correlated  weakly  with  each  other.
Illness  severity  adjustment  for  cardiac  arrest  patients  in  ICU  should  include  features  of  both  these  scoring
systems.

© 2012 Elsevier Ireland Ltd. All rights reserved.

1. Introduction

Hospital survival following cardiac arrest (CA) varies widely in
published reports.1,2 Studies have outlined prognostic factors in
different cardiac arrest populations, but few studies have focused
on patients admitted to intensive care.3 Registry data on differences

! A Spanish translated version of the abstract of this article appears as Appendix
in  the final online version at doi:10.1016/j.resuscitation.2011.11.036.

∗ Corresponding author at: Department of Anaesthesiology and Intensive Care
Medicine, Helsinki University Central Hospital, Finland. Tel.: +358 405137862.

E-mail address: markus.skrifvars@hus.fi (M.B. Skrifvars).

in outcome and management of patients depending on whether
the patients suffered the arrest in the community, in the intensive
care unit or in the hospital exist, but these reports lack resusci-
tation data.4,5 The CA patient form a heterogeneous group of ICU
patients and it is unclear whether co-morbidities, severity of ill-
ness or factors at resuscitation influence their outcome following
post-resuscitation care.

Severity of illness adjustment is important in epidemiolog-
ical research and probably the most utilized tool is the Acute
Physiology and Chronic Health Evaluation (Apache) III severity
of illness score.6,7 However, the Apache II score seem at best to
offer moderate accuracy for outcome prediction in cardiac arrest
patients treated in the ICU.8 The recent out-of-hospital cardiac
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Purpose:  The  mortality  for patients  admitted  to  intensive  care  unit  (ICU)  after cardiac  arrest  (CA)  remains
high  despite  advances  in resuscitation  and  post-resuscitation  care.  The  Simplified  Acute  Physiology  Score
(SAPS) III  is  the  only  score  that  can  predict  hospital  mortality  within  an  hour  of admission  to ICU.  The
objective  was  to  evaluate  the performance  of SAPS  III to predict  mortality  for  post-CA  patients.
Methods:  This  retrospective  single-center  observational  study  included  all  patients  admitted  to  ICU  after
CA between  August  2010  and  March  2013.  The  calibration  (standardized  mortality  ratio  [SMR])  and  the
discrimination  of  SAPS  III  (area  under  the  curve  [AUC]  for  receiver  operating  characteristic  [ROC])  were
measured.  Univariate  logistic  regression  tested  the  relationship  between  death  and  scores  for  SAPS III,
SAPS II,  Sequential  Organ  Failure  Assessment  (SOFA)  Score  and  Out-of-Hospital  Cardiac  Arrests  (OHCA)
score.  Independent  factors  associated  with  mortality  were  determined.
Results:  One-hundred  twenty-four  patients  including  97  out-of-hospital  CA were  included.  In-hospital
mortality  was  69%.  The  SAPS  III was  unable  to  predict  mortality  (SMRSAPS  III: 1.26)  and  was  less  discrim-
inating  than  other  scores  (AUCSAPSIII:  0.62  [0.51,  0.73]  vs.  AUCSAPSII:  0.75  [0.66,  0.84],  AUCSOFA:  0.72
[0.63,  0.81],  AUCOHCA:  0.84  [0.77,  0.91]).  An  early  return  of  spontaneous  circulation,  early  resuscitation
care  and initial  ventricular  arrhythmia  were  associated  with  a better  prognosis.
Conclusions:  The  SAPS  III did  not  predict  mortality  in patients  admitted  to  ICU  after  CA.  The  amount  of
time  before  specialized  CPR,  the low-flow  interval  and  the absence  of  an  initial  ventricular  arrhythmia
appeared  to be independently  associated  with  mortality  and  these  factors should  be used  to  predict
mortality  for  these  patients.

© 2014  Elsevier  Ireland  Ltd.  All  rights  reserved.

1. Introduction

Cardiac arrest (CA) is a major public health issue affecting
approximately 250,000 patients in the United States1 and 50,000
patients in France2 each year. Public awareness campaigns have
improved the rate of survival of patients with Out-of-Hospital
Cardiac Arrest (OHCA) thanks to bystanders performing cardiopul-
monary resuscitation (CPR) followed by transfer to centers that

! A Spanish translated version of the abstract of this article appears as Appendix
in  the final online version at http://dx.doi.org/10.1016/j.resuscitation.2014.03.302.
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provide optimal post-resuscitation care.3 The development of a
quality-improvement registry with specially trained 24-h onsite
medical emergency teams has led to a survival rate of 17% for
patient with in-hospital cardiac arrest (IHCA).4 A survival rate of
41% was observed for OHCA with rhythmic origin and survival
to hospital discharge of all OHCA, independent of their etiology,
remained between 19% and 26%.3,5 Optimization of myocardial
recovery after CA with early access to coronary angiography
and optimization of neurological outcome with therapeutic
hypothermia6 have helped achieve these results,7 especially when
treatment protocols were defined.8 To date, there is no effective
tool to predict the outcome of these patients admitted to intensive
care unit (ICU) after CA with recovery of spontaneous circulation
(ROSC). The development of a validated early prognostic score
is a major focus of research in this disease that has a very high

http://dx.doi.org/10.1016/j.resuscitation.2014.03.302
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1. Introduction

Cardiac arrest (CA) is a major public health issue affecting
approximately 250,000 patients in the United States1 and 50,000
patients in France2 each year. Public awareness campaigns have
improved the rate of survival of patients with Out-of-Hospital
Cardiac Arrest (OHCA) thanks to bystanders performing cardiopul-
monary resuscitation (CPR) followed by transfer to centers that
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provide optimal post-resuscitation care.3 The development of a
quality-improvement registry with specially trained 24-h onsite
medical emergency teams has led to a survival rate of 17% for
patient with in-hospital cardiac arrest (IHCA).4 A survival rate of
41% was observed for OHCA with rhythmic origin and survival
to hospital discharge of all OHCA, independent of their etiology,
remained between 19% and 26%.3,5 Optimization of myocardial
recovery after CA with early access to coronary angiography
and optimization of neurological outcome with therapeutic
hypothermia6 have helped achieve these results,7 especially when
treatment protocols were defined.8 To date, there is no effective
tool to predict the outcome of these patients admitted to intensive
care unit (ICU) after CA with recovery of spontaneous circulation
(ROSC). The development of a validated early prognostic score
is a major focus of research in this disease that has a very high
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Summed from the literature.

rhythm on admission

time to ROSC

bystander CPR

time to adrenaline

duration of CPR

simplicity of prognostication}



After hearing for several decades that computers 
will soon be able to assist with difficult 

diagnoses, the practicing physician may well 
wonder why the revolution has not occurred. 
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pre-specification of a model structure but instead search for the op-
timal fit within certain constraints (specific to the individual algo-
rithm). This can result in a better final prediction model at the
sacrifice of interpretability of how risk factors relate to the outcome
of interest.

Increasing ubiquity of large, multifaceted datasets, such as Elec-
tronic Health Records (EHRs)6 and 2omics data7,8 (i.e. ‘big data’)
for risk prediction, requires researchers and clinicians to rethink
risk modelling: for analysts, new statistical techniques may be
needed; for clinicians, clinical decision tools may evolve beyond sim-
ple scoring algorithms to ones that require computational assistance
through computer applications. The European Heart Journal instructs
authors to develop their statistical analysis plan to ‘be as simple as
possible, but as sophisticated as needed’. But when should more so-
phisticated techniques, particularly those for model development
and validation, be considered as essential? This question is particu-
larly salient when developing prediction or risk models. Recently,
Steyerberg and Vergouwe9 laid out seven steps for developing pre-
diction models. A natural follow-up is: what is the best prediction
model to use? As others have noted that10 there is no best approach
for all data problems. The various techniques differ in their ap-
proaches as they aim to solve different data complexities. Therefore,
the ‘best’ algorithm will depend on the specific data problem at
hand.

Others have reviewed machine-learning methods geared towards
technical,11 practitioner,12 and medical audiences,13 to name just a
few. Although we recapitulate some of that discussion, the goal of
this review is to discuss different complexities that arise in the ana-
lysis of clinical cardiology data and illustrate different machine-
learning approaches that can address these issues. We consider
machine-learning algorithms to be any approach that performs an
automated search, either stochastic or deterministic, for the optimal
model. While these tools are often presented as ‘black-box’ algo-
rithms that simply take inputs that return an answer, this review
will peer under the hood to better understand how they operate.
Doing so allows one to understand when certain machine-learning
models may be considered, what data challenges each algorithm is
trying to resolve, and therefore foretell when a certain approach

will be best for one’s data problem. We first describe an illustrative
data set we will use through the review. We next discuss different
challenges that arise in the analysis of clinical data and then present
various machine-learning methods and how they address these chal-
lenges. We conclude with some additional considerations for using
machine-learning methods including some limitations. In the appen-
dices, we provide a glossary of typical terms used as well as addition-
al details on many of the discussed methods.

Illustrative data
We use a sample dataset derived from the EHR system of Duke Uni-
versity Medical Center to illustrate some of the concepts described.
Using data from 2007 to 2013, we identified patients that were admit-
ted to the hospital through the emergency department with a primary
diagnosis of acute myocardial infarction (AMI). We abstracted infor-
mation on laboratory tests that were performed in the first 24 h of
admission, and included all labs that were present in at least 80% of
patients and deemed not redundant (i.e. haematocrit and haemoglo-
bin). Since multiple tests were often performed, we calculated the me-
dian, min, and max values. Finally, we abstracted information on
patient demographics (age, gender, and race) and comorbidities
(combined via the Charlson Comorbidity Index14).

Overall, we identified 1944 patients who were admitted with a
primary diagnosis of AMI. Of these, 101 (5.2%) died during their
hospitalization. Among those that died, the median time to death
was 6.5 days (IQR: 2.6, 13.5). We identified 13 laboratory tests
that were present in at least 80% of the sample (calcium, carbon di-
oxide, creatinine, creatinine kinase—mb, haemoglobin, glucose,
mean corpuscular volume, mean corpuscular haemoglobin concen-
tration, platelet count, potassium, red blood cell distribution width,
sodium, white blood cell count). After calculating median, min, and
max values, there were 43 predictor variables. We applied various
machine-learning algorithms to compare predictive models for in
hospital mortality. We used single mean imputation for those
without a lab result and as described below, used 10-fold cross-
validation to assess predictive performance. Analyses were per-
formed in R 3.1.2.15

Figure 1 One perspective on the intersection of statistical modelling (blue) and machine-learning (green) goals. The figure highlights that while
the processes differ the overarching goals are often the same.
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NVIDIA DIGITS DevBox (Santa Clara, California) and
Amazon EC2. Setting up a neural network using deep-
learning algorithms is also time-consuming. Finally,
deep learning with multiple layers may increase the
training time without improvement in precision.
CLINICAL IMPLICATIONS OF DEEP LEARNING. Deep
learning can perform tasks without human assistance
in industry (e.g., self-driving, playing Go, learning
math to write math textbooks, reading scientific
publications to answer questions, watching movies to
answer questions, machine vision software in cam-
eras, phones, and robots). Implementation of deep
learning in CV medicine includes the following. First,

unsupervised deep learning may facilitate explora-
tion of novel factors in score systems or add hidden
risk factors to existing models. Second, deep learning
can be used to classify novel genotypes and pheno-
types from heterogeneous CVDs, such as HFpEF,
HTN, pulmonary hypertension, and cardiomyopathy.
Third, automated deep-learning prediction models
can predict risk of bleeding and stroke by weighting
between CHA2DS2-VASc and the hypertension,
abnormal renal function, abnormal liver function,
stroke, bleeding, labile international normalized ra-
tios, elderly, drug therapy, and alcohol intake (known
as HAS-BLED) scores to facilitate optimal doses and

CENTRAL ILLUSTRATION Artificial Intelligence in Precision Cardiovascular Medicine

Krittanawong, C. et al. J Am Coll Cardiol. 2017;69(21):2657–64.

Big data (genetics, social media, environmental, and lifestyle-related factors, or “omic” data) can be stored through EHRs or precision medicine platforms, and can be
shared for data analysis with other physicians or researchers through secure cloud systems. Big data analytics using artificial intelligence (machine learning, deep
learning, or cognitive computing) and 3 main types of learning algorithms (supervised, unsupervised, and reinforcement learning) will enable precision cardiovascular
medicine. EHR ¼ electronic health record.
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We can automate anything a person can 
do with less than one second of thinking. 
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Dermatologist-level classification of skin cancer 
with deep neural networks
Andre Esteva1*, Brett Kuprel1*, Roberto A. Novoa2,3, Justin Ko2, Susan M. Swetter2,4, Helen M. Blau5 & Sebastian Thrun6

Skin cancer, the most common human malignancy1–3, is primarily 
diagnosed visually, beginning with an initial clinical screening 
and followed potentially by dermoscopic analysis, a biopsy and 
histopathological examination. Automated classification of skin 
lesions using images is a challenging task owing to the fine-grained 
variability in the appearance of skin lesions. Deep convolutional 
neural networks (CNNs)4,5 show potential for general and highly 
variable tasks across many fine-grained object categories6–11. 
Here we demonstrate classification of skin lesions using a single 
CNN, trained end-to-end from images directly, using only pixels 
and disease labels as inputs. We train a CNN using a dataset of 
129,450 clinical images—two orders of magnitude larger than 
previous datasets12—consisting of 2,032 different diseases. We 
test its performance against 21 board-certified dermatologists on 
biopsy-proven clinical images with two critical binary classification 
use cases: keratinocyte carcinomas versus benign seborrheic 
keratoses; and malignant melanomas versus benign nevi. The first 
case represents the identification of the most common cancers, the 
second represents the identification of the deadliest skin cancer. 
The CNN achieves performance on par with all tested experts 
across both tasks, demonstrating an artificial intelligence capable 
of classifying skin cancer with a level of competence comparable to 
dermatologists. Outfitted with deep neural networks, mobile devices 
can potentially extend the reach of dermatologists outside of the 
clinic. It is projected that 6.3 billion smartphone subscriptions will 
exist by the year 2021 (ref. 13) and can therefore potentially provide 
low-cost universal access to vital diagnostic care.

There are 5.4 million new cases of skin cancer in the United States2 
every year. One in five Americans will be diagnosed with a cutaneous 
malignancy in their lifetime. Although melanomas represent fewer than 
5% of all skin cancers in the United States, they account for approxi-
mately 75% of all skin-cancer-related deaths, and are responsible for 
over 10,000 deaths annually in the United States alone. Early detection 
is critical, as the estimated 5-year survival rate for melanoma drops 
from over 99% if detected in its earliest stages to about 14% if detected 
in its latest stages. We developed a computational method which may 
allow medical practitioners and patients to proactively track skin 
lesions and detect cancer earlier. By creating a novel disease  taxonomy, 
and a disease-partitioning algorithm that maps  individual diseases into 
training classes, we are able to build a deep learning  system for auto-
mated dermatology.

Previous work in dermatological computer-aided classification12,14,15 
has lacked the generalization capability of medical practitioners 
owing to insufficient data and a focus on standardized tasks such as 
 dermoscopy16–18 and histological image classification19–22. Dermoscopy 
images are acquired via a specialized instrument and histological 
images are acquired via invasive biopsy and microscopy; whereby 
both modalities yield highly standardized images. Photographic 

images (for example, smartphone images) exhibit variability in  factors 
such as zoom, angle and lighting, making classification substantially 
more challenging23,24. We overcome this challenge by using a data-
driven approach—1.41 million pre-training and training images 
make  classification robust to photographic variability. Many previous 
techniques require extensive preprocessing, lesion segmentation and 
extraction of domain-specific visual features before classification. By 
contrast, our system requires no hand-crafted features; it is trained 
end-to-end directly from image labels and raw pixels, with a single 
network for both photographic and dermoscopic images. The  existing 
body of work uses small datasets of typically less than a thousand 
images of skin lesions16,18,19, which, as a result, do not generalize well 
to new images. We demonstrate generalizable classification with a new 
 dermatologist-labelled dataset of 129,450 clinical images, including 
3,374 dermoscopy images.

Deep learning algorithms, powered by advances in computation 
and very large datasets25, have recently been shown to exceed human 
 performance in visual tasks such as playing Atari games26,  strategic 
board games like Go27 and object recognition6. In this paper we 
 outline the development of a CNN that matches the  performance of 
 dermatologists at three key diagnostic tasks:  melanoma  classification, 
 melanoma classification using dermoscopy and  carcinoma 
 classification. We restrict the comparisons to image-based classification.

We utilize a GoogleNet Inception v3 CNN architecture9 that was pre-
trained on approximately 1.28 million images (1,000 object categories) 
from the 2014 ImageNet Large Scale Visual Recognition Challenge6, 
and train it on our dataset using transfer learning28. Figure 1 shows the 
working system. The CNN is trained using 757 disease classes. Our 
dataset is composed of dermatologist-labelled images organized in a 
tree-structured taxonomy of 2,032 diseases, in which the  individual 
diseases form the leaf nodes. The images come from 18 different 
 clinician-curated, open-access online repositories, as well as from  
clinical data from Stanford University Medical Center. Figure 2a shows 
a subset of the full taxonomy, which has been organized clinically and 
visually by medical experts. We split our dataset into 127,463 training 
and validation images and 1,942 biopsy-labelled test images.

To take advantage of fine-grained information contained within the 
taxonomy structure, we develop an algorithm (Extended Data Table 1)  
to partition diseases into fine-grained training classes (for  example, 
amelanotic melanoma and acrolentiginous melanoma). During 
 inference, the CNN outputs a probability distribution over these fine 
classes. To recover the probabilities for coarser-level classes of interest 
(for example, melanoma) we sum the probabilities of their descendants 
(see Methods and Extended Data Fig. 1 for more details).

We validate the effectiveness of the algorithm in two ways, using 
nine-fold cross-validation. First, we validate the algorithm using a 
three-class disease partition—the first-level nodes of the taxonomy, 
which represent benign lesions, malignant lesions and non-neoplastic 
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by choosing a threshold probability t and defining the prediction ŷ for 
each image as ŷ = P ≥ t. Varying t in the interval 0–1 generates a curve 
of sensitivities and specificities that the CNN can achieve.

We compared the direct performance of the CNN and at least 
21 board-certified dermatologists on epidermal and melanocytic 

lesion classification (Fig. 3a). For each image the dermatologists 
were asked whether to biopsy/treat the lesion or reassure the patient. 
Each red point on the plots represents the sensitivity and specificity 
of a  single  dermatologist. The CNN outperforms any dermatologist 
whose  sensitivity and specificity point falls below the blue curve of 
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Figure 3 | Skin cancer classification performance of the CNN and 
dermatologists. a, The deep learning CNN outperforms the average of 
the dermatologists at skin cancer classification using photographic and 
dermoscopic images. Our CNN is tested against at least 21 dermatologists 
at keratinocyte carcinoma and melanoma recognition. For each test, 
previously unseen, biopsy-proven images of lesions are displayed, and 
dermatologists are asked if they would: biopsy/treat the lesion or reassure 
the patient. Sensitivity, the true positive rate, and specificity, the true 
negative rate, measure performance. A dermatologist outputs a single 
prediction per image and is thus represented by a single red point. The 
green points are the average of the dermatologists for each task, with 
error bars denoting one standard deviation (calculated from n =  25, 22 
and 21 tested dermatologists for keratinocyte carcinoma, melanoma 
and melanoma under dermoscopy, respectively). The CNN outputs a 
malignancy probability P per image. We fix a threshold probability t 

such that the prediction ŷ for any image is ŷ = P ≥ t, and the blue curve is 
drawn by sweeping t in the interval 0–1. The AUC is the CNN’s measure 
of performance, with a maximum value of 1. The CNN achieves superior 
performance to a dermatologist if the sensitivity–specificity point of 
the dermatologist lies below the blue curve, which most do. Epidermal 
test: 65 keratinocyte carcinomas and 70 benign seborrheic keratoses. 
Melanocytic test: 33 malignant melanomas and 97 benign nevi. A second 
melanocytic test using dermoscopic images is displayed for comparison: 
71 malignant and 40 benign. The slight performance decrease reflects 
differences in the difficulty of the images tested rather than the diagnostic 
accuracies of visual versus dermoscopic examination. b, The deep learning 
CNN exhibits reliable cancer classification when tested on a larger dataset.  
We tested the CNN on more images to demonstrate robust and reliable 
cancer classification. The CNN’s curves are smoother owing to the larger 
test set.

Squamous cell carcinomas

Basal cell carcinomas 

Nevi

Melanomas

Seborrhoeic keratoses

Epidermal benign
Epidermal malignant
Melanocytic benign
Melanocytic malignant

Figure 4 | t-SNE visualization of the last hidden layer representations 
in the CNN for four disease classes. Here we show the CNN’s internal 
representation of four important disease classes by applying t-SNE,  
a method for visualizing high-dimensional data, to the last hidden layer 
representation in the CNN of the biopsy-proven photographic test sets 

(932 images). Coloured point clouds represent the different disease 
categories, showing how the algorithm clusters the diseases. Insets show 
images corresponding to various points. Images reprinted with permission 
from the Edinburgh Dermofit Library (https://licensing.eri.ed.ac.uk/i/
software/dermofit-image-library.html).

© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.
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Medical imaging is expanding globally at an unprecedented 
rate1,2, leading to an ever-expanding quantity of data that 
requires human expertise and judgement to interpret and 

triage. In many clinical specialities there is a relative shortage of this 
expertise to provide timely diagnosis and referral. For example, in 
ophthalmology, the widespread availability of optical coherence 
tomography (OCT) has not been matched by the availability of 
expert humans to interpret scans and refer patients to the appro-
priate clinical care3. This problem is exacerbated by the marked 
increase in prevalence of sight-threatening diseases for which OCT 
is the gold standard of initial assessment4–7.

Artificial intelligence (AI) provides a promising solution for such 
medical image interpretation and triage, but despite recent break-
through studies in which expert-level performance on two-dimen-
sional photographs in preclinical settings has been demonstrated8,9, 
prospective clinical application of this technology remains stymied 
by three key challenges. First, AI (typically trained on hundreds of 
thousands of examples from one canonical dataset) must generalize 
to new populations and devices without a substantial loss of perfor-
mance, and without prohibitive data requirements for retraining. 
Second, AI tools must be applicable to real-world scans, problems 
and pathways, and designed for clinical evaluation and deployment. 
Finally, AI tools must match or exceed the performance of human 
experts in such real-world situations. Recent work applying AI to 

OCT has shown promise in resolving some of these criteria in isola-
tion, but has not yet shown clinical applicability by resolving all three.

Results
Clinical application and AI architecture. We developed our 
architecture in the challenging context of OCT imaging for oph-
thalmology. We tested this approach for patient triage in a typi-
cal ophthalmology clinical referral pathway, comprising more 
than 50 common diagnoses for which OCT provides the defini-
tive imaging modality (Supplementary Table 1). OCT is a three-
dimensional volumetric medical imaging technique analogous to 
three-dimensional ultrasonography but measuring the reflection 
of near-infrared light rather than sound waves at a resolution for 
living human tissue of ~5 µ m10. OCT is now one of the most com-
mon imaging procedures with 5.35 million OCT scans performed 
in the US Medicare population in 2014 alone (see https://www.cms.
gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-
Reports/Medicare-Provider-Charge-Data/Physician-and-Other-
Supplier.html). It has been widely adopted across the UK National 
Health Service (NHS) for comprehensive initial assessment and tri-
age of patients requiring rapid non-elective assessment of acute and 
chronic sight loss. Rapid access ‘virtual’ OCT clinics have become 
the standard of care11,12. In such clinics, expert clinicians interpret 
the OCT and clinical history to diagnose and triage patients with 
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The volume and complexity of diagnostic imaging is increasing at a pace faster than the availability of human expertise to inter-
pret it. Artificial intelligence has shown great promise in classifying two-dimensional photographs of some common diseases 
and typically relies on databases of millions of annotated images. Until now, the challenge of reaching the performance of expert 
clinicians in a real-world clinical pathway with three-dimensional diagnostic scans has remained unsolved. Here, we apply a 
novel deep learning architecture to a clinically heterogeneous set of three-dimensional optical coherence tomography scans 
from patients referred to a major eye hospital. We demonstrate performance in making a referral recommendation that reaches 
or exceeds that of experts on a range of sight-threatening retinal diseases after training on only 14,884 scans. Moreover, we 
demonstrate that the tissue segmentations produced by our architecture act as a device-independent representation; referral 
accuracy is maintained when using tissue segmentations from a different type of device. Our work removes previous barriers to 
wider clinical use without prohibitive training data requirements across multiple pathologies in a real-world setting.
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pathology affecting the macula, the central part of the retina that is 
required for high-resolution, color vision.

Automated diagnosis of a medical image, even for a single dis-
ease, faces two main challenges: technical variations in the imaging 
process (different devices, noise, ageing of the components and so 
on), and patient-to-patient variability in pathological manifestations 
of disease. Existing deep learning approaches8,9 tried to deal with all 
combinations of these variations using a single end-to-end black-box 
network, thus typically requiring millions of labeled scans. By con-
trast, our framework decouples the two problems (technical varia-
tions in the imaging process and pathology variants) and solves them 
independently (see Fig. 1). A deep segmentation network (Fig. 1b)  
creates a detailed device-independent tissue-segmentation map. 
Subsequently, a deep classification network (Fig. 1d) analyses this 
segmentation map and provides diagnoses and referral suggestions.

The segmentation network (Fig. 1b) uses a three-dimensional 
U-Net architecture13,14 to translate the raw OCT scan into a tis-
sue map (Fig. 1c) with 15 classes including anatomy, pathology 
and image artefacts (Supplementary Table 2). It was trained with 
877 clinical OCT scans (Topcon 3D OCT, Topcon) with sparse 
manual segmentations (dataset 1 in Supplementary Table 3, see 
Methods ‘Manual segmentation’ and ‘Datasets’ for full breakdown 
of scan dataset). Only approximately three representative slices 
out of the 128 slices of each scan were manually segmented (see 
Supplementary Table 4 for image sizes). This sparse annotation pro-
cedure14 allowed us to cover a large variety of scans and pathologies 
with the same workload as approximately 21 dense manual segmen-
tations. Examples of the output of our segmentation network for 
illustrative pathologies are shown in Fig. 2.

The classification network (Fig. 1d) analyses the tissue-seg-
mentation map (Fig. 1c) and as the primary outcome provides 
one of four referral suggestions currently used in clinical practice 
at Moorfields Eye Hospital (please see Supplementary Table 1 for a 

list of retinal conditions associated with these referral suggestions). 
Additionally, it reports the presence or absence of multiple, con-
comitant retinal pathologies (Supplementary Table 5). To construct 
the training set for this network, we assembled 14,884 OCT scan 
volumes obtained from 7,621 patients who were referred to the hos-
pital with symptoms suggestive of macular pathology (see Methods 
‘Clinical labeling’). These OCT scans were automatically segmented 
using our segmentation network. The resulting segmentation maps 
with the clinical labels built the training set for the classification 
network (dataset 3 in Supplementary Table 3, illustrated in Fig. 1d).

A central challenge in OCT-image segmentation is the presence 
of ambiguous regions, where the true tissue type cannot be deduced 
from the image, and thus multiple equally plausible interpreta-
tions exist. To address this issue, we trained not one but multiple 
instances of the segmentation network. Each network instance cre-
ates a full segmentation map for the given scan, resulting in mul-
tiple hypotheses (see Supplementary Fig. 1). Analogous to multiple 
human experts, these segmentation maps agree in areas with clear 
image structures but may contain different (but plausible) interpre-
tations in ambiguous low-quality regions. These multiple segmen-
tation hypotheses from our network can be displayed as a video, 
in which the ambiguous regions and the proposed interpretations 
are clearly visible (see Methods ‘Visualization of results in clinical 
practice’; use of this viewer across a range of challenging macular 
diseases is illustrated in Supplementary Videos 1–9).

Achieving expert performance on referral decisions. To evaluate 
our framework, we first defined a gold standard. This used infor-
mation that is not available at the first patient visit and OCT scan, 
by examining the patient clinical records to determine the final 
diagnosis and optimal referral pathway in the light of the (subse-
quently obtained) information. Such a gold standard can only be 
obtained retrospectively. Gold standard labels were acquired for 
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Fig. 1 | Our proposed AI framework. a, Raw retinal OCT scan (6!× !6!× !2.3!mm3 around the macula). b, Deep segmentation network, trained with manually 
segmented OCT scans. c, Resulting tissue segmentation map. d, Deep classification network, trained with tissue maps with confirmed diagnoses and 
optimal referral decisions. e, Predicted diagnosis probabilities and referral suggestions.
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ANZICS
Adult Patient Database.

1,484,536 
patients

39,566 
patients

cardiac arrest 

elective admissions 
inter-hospital transfer 
treatment limitation 

unknown mortality outcome



n 21,547 18,019
p value

survivors non-survivors

age 63 [50-73] 66 [52-77] <0.001

sex (% male) 14,255 (66.2%) 11,629 (64.5%) 0.001

peak temperature 37.1±1.0 36.8±1.5 <0.001

peak creatinine 101 [76-151] 146 [102-198] <0.001

Baseline characteristics
186 ICUs, 39,566 patients.
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Comparison of model accuracy
Existing scores, logistic regression, and machine learning models.

Model Prediction AUC (95% CI) Brier Score Log Loss

Actual mortality 45.5%
APACHE III risk of death 52.8% 0.80 (0.79-0.82) 0.190 0.57

ANZROD 39.9% 0.81 (0.80-0.82) 0.182 0.55

Logistic Regression 45.4% 0.82 (0.81-0.83) 0.170 0.51

Artificial Neural Network 46.7% 0.85 (0.84-0.86) 0.158 0.48

Random Forest 45.7% 0.86 (0.84-0.87) 0.156 0.47

Support vector classifier 45.4% 0.86 (0.85-0.87) 0.153 0.47

Ensemble 45.5% 0.87 (0.86-0.88) 0.148 0.45

Gradient boosted machine 45.3% 0.87 (0.86-0.88) 0.147 0.45
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Predicted mortality
Comparing age groups.
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Explaining the model
High probability of survival (83%).



Explaining the model
Low probability of survival (27%).



Explaining the model
Incorrect prediction; 78% probability of survival, however the patient did not survive.



Conclusions.
Predicting, explaining, and future directions.

able to advance on existing critical care models and statistical methods

able to add explainability


