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Graphical abstract Machine learning (ML) approach and model development and performance in supervised ML. ML workflow begins with
data acquisition and preparation, feature selection, application of the ML algorithm, followed by model training, validation, and testing.
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This editorial refers to ‘Improving 1-year mortality

prediction in ACS patients using machine learning’, by

S. Weichwald et al., doi: 10.1093/ehjacc/zuab030.

The era of big data

‘Big data’ refers to data with high volume, variety, value, and rapid ac-
cumulation.1 The exponential availability of electronic health records,
large clinical studies, and biobanks, as a source of ‘big data’, has been
increasing in the past decade.2 To make the most of this vast amount
of information, novel computational techniques have replaced con-
ventional statistics, improving diagnostic accuracy (e.g. heart failure
phenotypes3), and risk prediction modelling (e.g. death in patients
with coronary heart disease4). Unlike standard multivariable regres-
sion methods, big data analysis can potentially use millions of varia-
bles, with billions of permutations, to develop dynamic predictive
models that might need to be constantly updated by newly added in-
formation. Artificial intelligence (AI) in general, and machine learning
(ML) in particular, have enabled us to tackle this challenge.5

Machine learning models

A risk prediction model refers to the mathematical function relating
an outcome to a set of predictors (covariates). This approach esti-
mates the probability (or risk) for an outcome to happen within a
specific time period in a subject with a particular predictor profile.6

Traditional regression models assume that each predictor is related
in a linear fashion to the outcome, oversimplifying complex relation-
ships with non-linear interactions. In contrast, the techniques from
the field of AI, such as ML, offer an alternative approach to more gen-
eralizable risk prediction models. Machine learning reduces the error
between predicted and observed events through the study of pattern
recognition and computational learning (so-called ‘artificial intelli-
gence’)—‘learning’ from an input training dataset to extract all com-
plex and non-linear interactions between predictors.7 Machine
learning is related to automatic analysis (‘data-mining’), which can be
performed with minimal human input and incorporates new data to
update and optimize its algorithms.8 This approach can consider a
greater number of variables and obtain better model performance
compared to traditional techniques.9

Machine learning models usually split data into a training dataset
(aimed to test an algorithm to recognize a pattern), a validation set
(aimed to select and tune the ML model), and finally, the testing set
(aimed to evaluate the performance of the algorithm). In ML, there
are a set of hyperparameters, which are completely external to the
model (remain unchanged) and must be tuned before the learning
process begins; and there are also parameters internal to the model,
which are the weights or coefficients estimated purely from the train-
ing data and are updated during the training process. Then, the model
is iteratively trained and validated. To reduce the effects of random-
ness k-fold cross-validation is used. Once a model has been derived,
its performance and external validation should be evaluated in other
datasets. Guidelines for optimal reporting of prediction models when
using ML techniques are expected to be published soon.10 For those
unfamiliar with ML, recent tutorials and reviews about ML are avail-
able elsewhere.11,12

Machine learning approaches can be driven by supervised and un-
supervised learning. In supervised learning, an algorithm is trained or
‘supervised’ on a labelled dataset to recognize patterns or predict out-
comes (Graphical Abstract).13 Labelling should be performed by
humans. The model then uses what it has learned from the training
dataset to assign test data into specific categories or for regression
modelling. The most commonly used supervised ML models are logis-
tic regression, random forests/decision trees, artificial neuronal net-
works, gradient boosting machines, and support vector machines.12 In
unsupervised learning, however, there is no distinction between train-
ing and test data, and there is no data labelling from humans. We ob-
serve only the features, and make no outcome measure, as the goal is
to describe the associations and patterns among a set of input data. A
commonly used unsupervised ML model is clustering.

Artificial intelligence in cardiology

Traditional risk prediction tools have modest predictive power to ac-
curately identify high-risk patients and an increasing body of evidence
is supporting the use of big data techniques to predict outcomes in
cardiovascular research.4,14–16 In this issue of the journal, Weichwald
et al.17 described the application of ML to create a new risk score—
the SPUM-ACS Score—outperforming the GRACE 2.0 score in
terms of risk stratification in acute coronary syndrome (ACS)
patients. The complex robust 8-variable model was chosen through
iterative model development (1.4 billion linear models) by selecting
out of 56 candidate predictors, 17 GRACE-outperforming quintu-
plets of practical relevant variables which were highly predictive and
robust in a multitude of models. Compared with the performance of
the existing GRACE 2.0 score, ML exhibited higher discrimination
(c-statistic) for predicting 1-year all-cause mortality after five-fold
cross-validation. Importantly, the five-fold cross-validated area under
the curve score provided an estimate of the out-of-sample perform-
ance less prone to overfitting and upwards bias. Generalized Mallows
rank model was used for distributions on permutations of the 56 vari-
ables and for model selection and a validation set was used to esti-
mate overall model performance. By calculating the fraction of
GRACE-outperforming models containing the respective variables, a
ranking was elaborated which allowed to identify heart failure and in-
flammation markers, as the major prognostic determinants of 1-year
combined events. The authors describe that, in contrast to other ML
predictive models,18 their approach uses multivariate interactions to
optimally identify predictors of death, which otherwise would stay
unobservable. Machine learning-based correlation analysis through
cluster analysis identified which high-ranked variables were not
selected in the eight-variable model due to overlap in prognostic
value with other variables and which predictor variables were stable
across all models and complemented another specific feature. The
article of Weichwald et al.17 is an excellent example of novel state-of-
the-art ML prediction approaches outperforming already an existing
traditional regression model-based score, by not being restricted to
fixed linear associations between covariates.

Limits of artificial intelligence

However, the mere presence of large databases and innovative com-
putational techniques has not (yet) been enough to translate their
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..use in concrete meaningful clinical changes, such as a reduction in
clinical outcomes through a better discrimination and accuracy in
risk prediction. ML limitations are as follows (i) the bias–variance
trade-off: to achieve a model with low variance and low bias to be
highly accurate, too complex models are prone to overfitting.
Independent training and cross-validation data sets for model test-
ing and verification tackle this issue.14 (ii) Machine learning algo-
rithms require large datasets to reach acceptable performance
levels, but inadequate data acquisition and bias will lead to incor-
rect results. (3) The ‘black box’ nature of unsupervised ML based
decision making (not being able to know how the algorithm is
achieving what it is achieving) is far from being understood, how-
ever, designing models that are inherently interpretable could po-
tentially solve this issue.19 (4) As big data analysis is not generally
focused on causal inference, but rather on correlation or on iden-
tifying unseen or invisible patterns, the human factor is yet critical
to detect spurious associations due to modifiable variables. (5)
The lack of validated AI models makes it necessary to develop
prospective randomized trials to ensure the accuracy and safety of
ML before extending their application in clinical practice.

Artificial intelligence promises

Artificial intelligence is a rapidly evolving discipline with the potential
to revolutionize the cardiovascular research, as ML approaches en-
able to analyse massive, large datasets, uncover new associations, and
improve previous prognostic models, and diagnostic accuracy.
However, most researchers have not adequately trained for the ‘Big
Data’ era, as basic principles of epidemiology and biostatistics do not
apply in this new setting. As we move on to the next era, future cardi-
ology fellows-in-training should learn skills and gain knowledge in big
data concepts. As illustrated by Weichwald et al.17 with the develop-
ment of a highly accurate SPUM-ACS Score through ML algorithms
and feature ranking analysis, the development of accurate prediction
tools is yet an unmet clinical need.6 Cardiovascular medicine has al-
ready been challenged to grow with AI—the ‘invisible’ insights gener-
ated from these new techniques can lead to highly accurate
predictive models .

Conflict of interest: none declared.
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