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The treatment of critically ill patients involves numerous classification 
and prediction tasks. Consider a patient with acute appendicitis, a mean 
arterial blood pressure of 60 mmHg and a serum lactate of 3.1 mmol/L. 
The patient is classified (diagnosed) as having septic shock, based on 
the signs of infection and the presence of cardiovascular dysfunction, 
and treated accordingly.[1] Furthermore, it is entirely reasonable for the 
treating physician to anticipate the possibility of the patient subsequently 
developing acute respiratory distress syndrome (ARDS) or indeed dying. 
Given the negative impact of these possible outcomes, clinicians attempt 
to predict (estimate) the likelihood of these outcomes occurring, so 
that appropriate management can be put in place. These predictions 
are dependent on learned relationships between phenomena. That is, 
through training, experience and research, clinicians have learned that 
certain features reliably correlate with certain pathological states and 
outcomes.

Enhanced classification and prediction can decisively inform the 
delicate balance between benefit and risk inherent to the treatment 
strategies employed in the dynamic environment of the intensive 
care unit. If the risk of developing ARDS is substantial, then the 
early adoption of a lung protective ventilation strategy would be 
prudent despite the likely increased need for sedation.[2,3] Classification 
(stratification) of the severity of lung injury would likely inform the 
choice of oxygen target for the patient, while advances in genomic 
profiling promise a more predictable beneficial response to the use of 
corticosteroids, simultaneously avoiding unnecessary adverse effects in 
likely ‘non-responders’.[4,5]

Conceivably, bedside physicians would perform these tasks deliberately, 
reasoning actively and giving these decisions their full attention. This 

considered process would predictably take some time, a resource in 
short supply when managing multiple tasks in parallel, within an 
environment often teetering on the edge of chaos. Realistically, we know 
that decisions are often made automatically, instinctively and ‘on-the-
fly’. While decisions taken by experienced clinicians are often correct, 
we must acknowledge the risks inherent to this current paradigm. 
This is referred to as System I (instinctive, fast or intuitive) thinking 
by Kahneman.[6] Thus, it is clear that clinical benefit would result from 
the development of approaches that can support classifications or 
predictions with System II characteristics (slow, careful thinking), but 
executed at speed, in the absence of an increase in the cognitive load 
on clinicians.

Artificial intelligence (AI) and machine learning (ML) offer the 
potential to support prediction and classification in practice. Currently, 
this is preferentially achieved with supervised machine learning.[7] While 
this is not the only role that AI and ML may fulfil, this is likely to be a 
prevalent approach in the literature and forms the focus of this review.

What is artificial intelligence and 
machine learning?
AI, in the simplest terms, refers to any intelligence in computer systems 
or machines. The study of this field spans multiple scientific and 
philosophical domains.[8-10] In relation to AI, ML is generally considered 
a subfield of AI that includes the algorithms developed in AI and uses 
these algorithms to perform specific tasks such as classification or 
prediction.[11]

This approach can be seen in relation to activities using data to 
understand phenomena or achieve certain goals, which is collectively 
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referred to as data science.[12] This scope also encompasses two other 
related fields – statistics and data mining.[13] There is some overlap 
between statistics, data mining and ML and, when used in concert, 
they are often able to reveal useful insights from data too vast, messy 
or complex for interpretation by the human mind alone. As such, it 
is useful in medical research to view these three fields as a cluster 
of techniques that can be employed to achieve certain tasks. Deep 
learning is a unique subset of ML that uses artificial neural networks 
(ANNs) to extract progressively more abstract relationships from 
data. This is particularly relevant to image classification, such as 
the application of ML to the measurement of ejection fraction on 
echocardiographic video.[14] The interactions between these fields are 
illustrated in Supplementary Fig. 1.

In ML, learning algorithms respond to patterns in data. Supervised 
learning algorithms use labelled data (supervision) during training to 
learn the relationships that informed the assigned labels. Subsequently, 
the trained model can then be applied to unlabelled data to generate 
classifications or predictions, consistent with the provided labels 
(Supplementary Fig. 2). In unsupervised learning, the algorithm attempts 
to independently/autonomously learn (derive) new relationships 
from unlabelled data to generate novel classifications or insights. 
In re-inforcement learning, the algorithm (agent) is trained to optimise 
the achievement of a specific task using punishment and reward – akin 
to how one would approach playing a video game. While this approach 

is currently not widely represented in medical literature, it may see 
increased relevance in the automation of personalised haemodynamic 
or respiratory therapy.[15]

In ML, learning algorithms (Box 1) are sets of procedures that can 
iteratively alter the internal parameters of a mathematical model based 
on training data to optimise the accuracy of its subsequent predictions 
(generally by minimising error).

The widely used APACHE II[16] and PIM3[17] predictive scores are 
informed by logistic regression models, relatively simple examples of 
learning algorithms. In contrast, ANNs are more complex examples 
of algorithms (models) that achieve learning by loosely mimicking 
the neuron pools within the human brain (Supplementary Fig.  3). 
In the same way that neuron pools adjust the strength of impulses and 
activation thresholds to control propagation based on different stimuli, 
ANNs adjust the weights of connections between neurons to minimise 
error based on training data.[18] Regardless of the specific algorithm 
utilised (Box 1), algorithms aim to learn the relationships within data 
with little direct explicit programming.[18]

Building a supervised machine 
learning model (SMLM)
Once the goal of the machine learning model (MLM) has been 
determined, building a useful SMLM begins. This encompasses two 
distinct phases or processes: development and validation. Development 
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Fig. 1. Training and testing in supervised learning.
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speaks to the training (learning) of the model, 
to enable the performance of the prediction or 
classification of interest. Validation (testing) 
subsequently ensures that the outputs of the 
model are acceptable, i.e.  fit for purpose. 
Importantly, validation usually incorporates 
testing the model’s performance with ‘unseen’ 
data, i.e. data that were not used during the 
development phase.

The first step is therefore to acquire the 
necessary data, which are divided into 
training and testing data sets respectively. 
By convention, the training set tends to be 
larger than the testing set, while remaining 
cognisant of the fact that both development 
and validation are optimised by the magnitude 
of the datasets afforded to each process 
respectively. Reasonable trade-offs between 
development and validation datasets are 
generally in the ratio of 3 - 4:1 (approximately 
75 - 80% data allocated to development).[19]

Training and test data are then further 
divided into features (independent variables) 
and labels (dependent variables). Labels 
are provided by a human expert and are 
considered the ground truth (y). During 
training, the algorithm learns to minimise 
error in predicting the labels. This process 
yields the trained model which is now ready 
to make predictions. In testing, the goal is 
to use the features in the test data to make 
predictions (ŷ) using the trained model. By 
benchmarking these predicted labels against 
the provided test labels, we can estimate the 
predictive performance of the model (Fig. 1).

Feature selection
To be successfully trained, learning algorithms 
requires features that are associated with, and 
therefore predictive of, a particular label. 
While some features ultimately prove useful, 
others may be redundant. The inclusion of 
redundant features increases the complexity of 
models and may make them less generalisable 
and/or accurate.[20] Large sets of features may 
also increase the costs of acquiring data and 
limit their utility in practice. To that end, 
choosing appropriate features is a crucial 

contributor to the success of a model.
Various statistical and ML techniques can be 

used to evaluate which features are likely to be 
useful. In medical applications, clinical domain 
knowledge can also be integrated into feature 
selection and designing informative features 
that can predict the target feature.[21] For 
example, known features of organ dysfunction 
were important in the development of the 
sequential organ failure assessment (SOFA) 
score. Domain knowledge is likely the key 
factor underpinning the design of datasets or 
data collection tools which ensure the efficient 
collection of meaningful data.

Data preparation
Data need to be prepared for training. 
Preparation begins by inspecting the data in 
tables and through visualisation, to evaluate 
the distributions, outliers, missing data, 
relationships and correlations in the data. 
Outliers should be inspected to determine if 
they are related to errors or true values.

Missing data is a common problem which 
may influence training. This can be addressed 
by various approaches. The most intuitive 
would entail recovering the data from its 
source. Unfortunately, this is often a laborious 
undertaking, particularly when dealing 
with large datasets. The simplest alternative 
approaches include either deletion of records 
with selected missing data, or deletion of features 
with missing data. Note that the resultant loss of 
data may be a major impediment to training, 
especially where smaller datasets are being 
used. Techniques to impute missing data could 
employ either the mean, median or mode, or 
even prior or subsequent values. Multivariate 
approaches, such as K-nearest neighbours and 
multiple imputation by chained equations, 
represent examples of more advanced options 
used to impute missing data from other features 
through the analysis of the available data and 
features within the dataset.[22]

It is important to realise that MLMs require 
numerical inputs. Consequently, categorical 
features need to be encoded. Similarly, data 
which exist on different quantitative scales 

create challenges, as ML algorithms generally 
require values to be presented on a comparable 
scale. This is often achieved by scaling values 
to [-1 to 1] or [0 to 1].[23]

Hyperparameter tuning
While ML algorithms learn with minimal 
explicit programming, they do have parameters 
which require optimisation (tuning); these are 
called hyperparameters and are set before 
training. These features are specific to each 
algorithm. The approach to setting these 
parameters is to some extent determined by 
good practice, but often involves a grid search 
where an array of possible hyperparameters 
is tested in their possible permutations 
through cross-validation (see below). 
Following the tuning and selection of the best 
hyperparameters for the algorithm of interest, 
the MLM is then ready to be trained.[24]

Cross-validation
At this point, the model may be tested 
directly on the test data, but often, when the 
availability of data is limited, it is pragmatic 
to obtain a preliminary estimate of model 
performance before moving on to validation. 
This is relevant where testing data may be too 
small to provide a generalisable estimate of 
model performance. Cross-validation involves 
serially splitting the training data into different 
training-testing splits called folds (Fig.  1). In 
each fold, the model is trained and tested, 
and the performance metrics are averaged.[25] 
If this performance is satisfactory, the model 
is retrained on the whole training set and the 
validation study can commence.

Model validation
Broadly speaking, the two outputs of SMLMs 
are either the allocation (assignment) of 
an instance to a class (or classes), or the 
generation of a predicted probability. With 
respect to class assignment, the instance now 
has a value of 1 for the class/es that it belongs 
to and simultaneously a value of 0 for all 
classes it does not belong to. Models may 
also output a predicted probability, that is the 
extent to which the predicted class is likely 
to occur as a proportion of events with that 
predicted probability.[23]

By combining the basic outputs, SMLMs 
are also able to classify instances based on 
predicted probabilities by setting a threshold 
probability relative to which an instance 
will be classified into a group. Despite the 
widespread usage of the term ‘critically ill’, 
there is currently no consensus definition 
for the term.[26] This creates difficulty when 

Box 1
Examples of machine learning algorithms
Linear regression
Logistic regression
Decision trees
Random forests 
Gradient boosting and extreme gradient boosting
Artificial neural networks
Naïve Bayes



SAJCC   April 2025, Vol. 41, No. 1    5

RESEARCH

attempting to perform studies in ‘critically ill’ patients. Given that 
many consider ‘critical illness’ to represent the presence of a significant 
mortality risk, an SMLM trained to predict the mortality risk of patients 
would then be able to classify patients into the classes ‘critically ill’ or ‘not 
critically ill’ based on their predicted mortality risk compared with a pre-
assigned threshold (e.g. 10%). The model would classify all patients with 
a mortality risk in excess of 10% as ‘critically ill’ and those with a risk of 
10% or less as ‘not critically ill.’

Validation is the process of quantifying the performance of a model 
to assess suitability for its intended use. Validation of the SMLM is thus 
focussed on the reliability of the classifications (discrimination) and 
the accuracy of the predicted probabilities (calibration).[27,28] Models 
exhibiting perfect performance are a utopic goal. Indeed, the pursuit 
of perfection during training comes at the inevitable cost of reduced 
generalisability (overfitting). Therefore, in reality, models are expected to 
make some errors.[27,28] Consequently, these errors need to be quantified to 
allow for the provision of realistic expectations to the end-user. Ultimately, 
for a model to be usable in practice, the performance of the model should 
be both known and satisfactory.

Discrimination
Discrimination refers to the extent to which a prediction separates two 
classes of a dependent variable. If we imagine a perfect biomarker for 
bacterial infection, we expect that all patients who have a positive test 
will have bacterial infection, and all patients with a negative test will 
not. However, the existence of both false negatives and false positives 
is unavoidable. The relationships between the ground truth and the 
(mis)classifications produced by an associated test generates a special 
contingency table referred to as the confusion matrix (Fig. 2).

From the confusion matrix, we derive the performance metrics for 
classifications (Box 2). Clinicians will be familiar with the concepts 
of the contingency (2x2) table, sensitivity, specificity and positive 
predictive value from diagnostic tests.
Where probabilities are used to classify cases, this will lead to a range 
of probabilities between 0 and 1 (0 - 100%) which could serve as the 
threshold for classification. As this threshold is increased from  0, 

Predicted 
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True 
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Fig. 2. Confusion matrix.

 
Figure 6: Example ROC Curves 
 Fig. 3. Example ROC curves. (ROC = receiver operating characteristic curve; 
AUROC = area under the ROC.)

 
Figure 7: Example PRC curve 
 Fig.  4. Example PRC curve. (PRC = precision-recall curve; AUPRC = area 

under the PRC.)

 
Figure 8: Flexible Calibration Curves: 
In this figure, underestimated and overestimated risk and overly extreme models are 
contrasted to the perfect calibration(dotted) line.  
 

Fig.  5. Flexible calibration curves. In this figure, underestimated and 
overestimated risk and overly extreme models are contrasted with the perfect 
calibration (dotted) line.
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the sensitivity would decrease from 1 to its 
minimum. At the same time, specificity and 
precision will increase. This allows estimation 
and comparison of model discrimination 
across the entire model by reflecting this 
compromise.
The most common model-wide estimate 
of discrimination is the receiver operating 
characteristic curve (ROC) which depicts 
the compromise between the sensitivity and 
specificity of model predictions (Fig.  3). The 

area under the ROC (AUROC) provides the 
probability that the predicted probability of 
an outcome will be higher in individuals with 
the outcome of interest than in those without. 
The AUROC value of a random classifier 
(coin toss) is 0.5. A minimum AUROC of 
0.7 is considered acceptable. Values above 0.8 
and 0.9 are generally considered excellent or 
exceptional respectively (28 - 30).

Frequently in medicine, most participants 
in a data set will not have the outcome of 

interest. For example, in children with sepsis, 
mortality is considerably less likely than 
survival.[31] Thus, the outcome of mortality 
will be the minority class. In situations 
where class imbalance exists, the ROC is 
likely to present an overoptimistic estimate 
of discrimination (suggesting greater 
performance than is truly present). In these 
cases, the precision-recall curve (PRC) may 
provide a better estimate of performance 
(Fig. 4).[32,33] The PRC plots precision against 
sensitivity, metrics which are both positively 
associated with the outcome of interest. This 
promotes improved analysis of minority class 
data. The area under the PRC (AUPRC) for a 
perfect model would be 1.0.[32–34] Thresholds 
for assessing AUPRC are not defined but can 
be considered in the context of the scenario, 
the event rate and by comparing AUPRC 
between models. A non-discriminating 
model would have an AUPRC less than 
or equal to the known event rate (usually 
represented by a horizontal line) on the PRC 
plot.[32] For example, if the rate of mortality 
in a population is 10%, a non-discriminating 
model would have an AUPRC of 0.1, while 
a model with an AUPRC of 0.65 would 
have discriminatory value and be considered 
superior to a model with an AUPRC of 0.5. 
Fig.  4 additionally illustrates that optimised 
performance tends toward the top right, in 
contrast to the ROC, which is the top left.

Calibration
Calibration refers to the determination of 
how accurate the probabilities predicted 
by the SMLM are. This is accomplished by 
comparing the predicted probabilities of the 
outcome of interest to measured (actual) 
probabilities within the validation dataset. 
For example, consider the performance of two 
models developed to predict the need for renal 
replacement therapy (RRT) in patients with 
rhabdomyolysis using serum creatinine. Both 
models are applied to a validation data set 
containing 1 000 patients with rhabdomyolysis. 
Model A predicts that the probability of RRT 

Box 2. Classification metrics
Metric Calculation Meaning
Sensitivity/recall/true positive rate True positives/(true positives + false negatives)

(a)/(a+b)

The probability of a positive test or prediction if 
the condition is present.

Specificity/true negative rate True negatives/ (false positives + true negatives)

(d)/(c+d)

The probability of a negative test or prediction if 
the condition is absent.

Precision/positive predictive value (PPV) True positives/ (true positives + false positives)

(a)/(a+c)

The probability of the condition is present in the 
case of a positive test or prediction.

 
Figure 10: Interventions avoided 
 Fig. 6b. Interventions avoided.

 
 
Figure 9: Decision Curve Analysis 
 

Fig. 6a. Decision curve analysis.
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in patients with creatinines 2 000 - 3 000 μmol/L is 0.1 and is 0.3 when 
creatinine exceeds 10 000 μmol/L. In  comparison, Model B predicts 
probabilities of 0.2 and 0.4, respectively. Within the validation dataset, 
there are 240 patients with creatinines of 2  000  -  3  000   mol/L (23 
required RRT) and 100 patients with creatinines greater than 10 000 
μmol/L (30 required RRT). With respect to these two ranges of serum 
creatinine, Model A predicted RRT need in 24 and 30 patients, while 
Model B predicted 48 and 40, respectively. When compared with the 
actual values, Model A appears better calibrated than Model B. As such, 
calibration is the degree to which predicted probabilities agree with real 
probabilities for an outcome.[28]

Calibration can be assessed by examining the mean predicted 
probabilities of a model, the event rate, and the flexible calibration curve, 
which represents observed probability (prevalence) of a condition on the 
y-axis at each predicted probability on the x-axis.[27,35,36] Depending on 
the size of the data, this is achieved by breaking up the data into bands of 
predicted probability called bins. Calibration can be, at the lowest level, 
the agreement between the mean probability of a model and the event 
rate. In weakly calibrated models, the slope of the flexible calibration 
curve (Fig. 5) is close to 1 and the intercept is close to 0. In moderately 
calibrated models, the prior condition is met, and the calibration 
curve is close to the perfect calibration line from [0,0] to [1,1]. Strong 
calibration refers to the idealistic goal of near-perfect calibration of 
predictions to event rates in all categories of prediction.[36] Simplified 
examples of flexible calibration curves are provided in Fig.  5. This 
approach provides a more robust assessment of calibration over a range 
of probabilities than the widely reported Hosmer-Lemeshow statistic.[27]

Decision curve analysis
In the current paradigm pertaining to the use of corticosteroids in 
ARDS, two strategies are available, i.e. provide all ARDS patients with 
corticosteroids (treat-all) or provide corticosteroids to no-one (treat-
none). In the treat-all population, the steroid responders enjoy the benefit 
of the treatment and experience the adverse effects, with the expectation 
that the benefit outweighs the harm. Conversely, the non-responders will 
only experience the adverse effects of the corticosteroids without any 
potential for benefit. On the other hand, a treat-none approach would 
protect all patients from the adverse effects but still causes harm by virtue 
of denying the responders the benefit of the intervention.

Decision curve analysis (DCA) is an approach designed to estimate 
the net benefit of a predictive model over a range of threshold 
probabilities and simultaneously compare its performance against 
the two opposing baseline strategies of treat-all v. treat-none. This 
approach combines aspects of both discrimination and calibration by 
employing the following equation:
!"#$%"&"'(#$ ) $*"&*(#(+(#,$ - $./"+01"&2"$3$45$3 $*."2('(2(#,6 $-$45$3 $./"+01"&2"6 $

- $7 
!
where  w is the odds at the threshold probability. The higher the net 
benefit, the greater the performance of the model.

Consider the DCA of three hypothetical models assessing the use 
of corticosteroids in ARDS. When comparing models using DCA, the 
curves of better models are higher on the y-axis and further to the 
right on the x-axis. Fig.  6A illustrates that model 3 performs poorly 
across the range of threshold probabilities whereas both models 1 and 
2 demonstrate better performance than either the treat-all or treat-none 
strategies. Overall, model 2 provides the greater net benefit.
The second notable benefit provided by DCA is the ability to determine 
the number of interventions avoided across the range of thresholds. 

This quantifies the number of likely non-responders who will be spared 
the adverse effects of the intervention. From Fig.  6B, at a threshold 
probability of 0.15 (to provide corticosteroids), model 2 avoids more 
than 60% of unnecessary exposure to steroids, without missing patients 
likely to benefit. At the same threshold, model 1 limits exposure in 
40% of patients, while model 3 is unable to confer any benefit in this 
regard. Thus, model 2 has demonstrated the best performance in terms 
of maximising the potential benefits of corticosteroid administration 
within an ARDS population, while minimising unnecessary exposure 
(iatrogenic harm). The reader is directed to recent reviews for a more 
comprehensive description of DCA methodology.[37,38]

Model explanation
Clinicians need to understand why a model makes a specific prediction. 
This understanding underpins the trust in systems or may be relevant 
in audit chains, fault reporting, or circumstances where experienced 
clinicians may override recommendations. This is the role of the clinician 
in deployment. Holzinger refers to this as the ‘doctor-in-the-loop’.[39] In 
our hypothetical corticosteroid example, the model may indicate that it 
is predicting a higher likelihood of response to corticosteroids because 
of the presence of markers of inflammation or a high oxygenation index.

Some models are more transparent, e.g. linear regression, logistic 
regression and tree-based algorithms provide explicit explanations for 
how features relate to predictions. These may be referred to as glass 
boxes and these explanations are referred to as ante hoc (beforehand).[11] 
Other algorithms are less transparent in their workings, particularly in 
the case of ANNs. Transparency, however, often comes at the cost of 
performance.[40] While these less transparent (black-box) models cannot 
provide ante-hoc explanations, these explanations can be provided post-
hoc through further analysis. For example, Shapley Additive Explanations 
is a method to measure or quantify the contribution of each feature to a 
model prediction and present them graphically.[41] This representation 
aids in understanding how models evaluate each feature and correlate 
them with clinical or causal knowledge of disease or outcomes. This 
approach can be used for any kind of algorithm (this can be referred to 
as being model agnostic).

Conclusion
Supervised machine learning is likely to have an important role in future 
clinical practice by improving diagnostic performance and predictive 
analytics. The success of clinical machine learning applications will 
stem from a foundation of sound methodology in model development, 
validation and explanation.
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