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Abstract
Machine Learning (ML) is a field of Scientific 
Computing that emerged in the last decades to 
investigate complex phenomena based on huge 
amounts of observational data. In the context 
of Biomedicine, an increasing body of literature 
makes use of ML based approaches as an alterna-
tive to standard statistical inference. Moreover, a 
number of studies are now focusing on adopting 
ML to disclose new results that otherwise would 
have not been possible to achieve with classical 
inference. In this short review we outline funda-
mentals of ML, by further providing examples 
gathered from scientific literature to highlight the 
potentialities of ML for clinical purposes.
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Introduction
Technology development allowed in the last 
years to gather an extraordinary amount of data 
in almost every human field, from social interac-
tions to Economics, passing through Biomedi-
cine. Together with the availability of such huge 
datasets and the increasing power of computers, 
it emerged the need to take advantage of statisti-
cal frameworks able to explore complex data and 
interpret them for practical applications.
The term Machine Learning (ML) comprises a 
wide set of tools which attempt to accomplish 
complex tasks like making prediction about fu-
ture events or detect similarities and differences 
between objects of interest. Such objects might 
be individuals, faces, cars, weapons, or patholo-
gies. The fields of application are constantly in-
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creasing, from customer profiling for marketing 
purposes to security systems. 
ML is of still based on statistics and probability, 
however it is more powerful than standard statis-
tical methodologies in performing inference or 
making decisions[1].
ML based techniques have been increasingly 
adopted in Biomedicine: examples comprehend 
cancer prediction[1], pathology sub-classifica-
tion[2], surgical planning[3].
In this short review we describe fundamentals of 
ML, thus guiding the non-expert reader through 
this relatively new analysis framework. We will 
furthermore report some applications in the con-
text of Biomedicine to highlight the potentialities 
of ML for clinical purposes.

Understanding Machine Learning
The ultimate objective of a model is to identify the 
hidden relationship between a set of variables we 
have access to (the input data) and some others 
which are of interest for our purposes (the out-
comes). Samples representing the displacement 
of a flying object are needed to identify its trajec-
tory likewise pressure, temperature and humidity 
are needed to predict weather. In such cases we 
aim to predict future events. On the other side we 
might wish to identify, in a clinical trial, the sub-
group of subjects that better respond to a certain 
treatment based on some signs that are recorded 
by clinicians. In such cases we aim instead to per-
form a classification.
In all the above examples a huge amount of data 
is necessary to build a robust model. Beyond that, 
while for some scenarios analytical models are 
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available (e.g., forecast prediction), often the na-
ture of the relationships investigated is too com-
plex to translate them in simple formulations.
ML algorithms have been developed with the 
goal to drive the building process of a model 
based on the data themselves. In technical terms, 
data are used to train such models to provide an 
as most as accurate outcome.

Features selection
In the context of ML, information gathered from 
the data and then fed to an algorithm are called 
features. It is the quality of the features that lead 
to the success of a given model. If the features 
adopted do not well describe the phenomenon 
investigated, poor results will be obtained. Now-
adays public health agencies, private companies 
and research institutes possess a huge amount of 
data. In Biomedicine context a number of infor-
mation can be thus rather easily obtained: age, 
gender, genetic profile, social and economical 
status to say a few. 
As first option we might of course try to include 
all such features and then train a model for our 
purposes. However, usually not all the variables 
are informative. For instance, if we wish to dif-
ferentiate sedentary from active individuals, it is 
likely that ethnicity of origin will be almost use-
less whereas other factors like age or economical 
status will be better indicators.
If the selection in this case seems rather obvi-
ous, understanding how an EEG recording can 
differentiate between controls and patients is 
not as trivial. What information should we use? 
The entire recording? Only one channel? All the 
channels? Should we use a particular statistics 
obtained from a such recordings, like signal mean 
or variance?
From the above examples it can be evinced that 
there is no simple answer to the feature selection 
issue. Typically, ML developers try several options 
based on the existing literature or by following 
their intuition. One of the most important tasks 
of a ML developer is therefore to detect the sub-
set of features that can best fit his/her purposes.

Supervised Learning vs Unsupervised Learning
ML algorithms have been adopted to separate, 
for instance, patients suffering from a given dis-
ease from controls based on certain features. 
Subsequently, the same features can be gath-
ered from a new subject and the model created 
could express the probability the subject have 

the disease or not. In situations where the under-
lying difference between the objects involved is 
known (e.g. patient vs healthy control), we talk 
about Supervised Learning. Indeed, the model 
is trained to produce the best output in terms of 
segmentation of the input data. In our example, 
we wish to identify how well we can differentiate 
patients from controls.
In some other situations we do not have a clear 
understanding of the data we are working with. 
ML can help to detect similarities and differenc-
es among the objects involved, thus providing its 
own segmentation. In such cases we talk about 
Unsupervised Learning. In other words, within 
unsupervised learning, ML algorithms attempt 
to identify automatically the internal structure 
of the data. For instance, we might be interested 
in grouping subjects according to how they re-
spond to a particular treatment, trying therefore 
to understand whether there exist patterns that 
might guide both diagnosis and prognosis.

Training, testing and validating: the bias-vari-
ance tradeoff
As we discussed previously, features selection is 
driven by how well they let similarities and dif-
ferences appear within the data. It might be the 
case that a particular algorithm, thanks to a par-
ticular set of features, will perfectly segment, in 
a supervised learning context, the groups we are 
interested to. In other words, the training step led 
to perfect results. 
The second step within ML framework consists 
in analyzing model performance based on new 
data, the so-called test set: the test set is made 
by objects that have not been used to build the 
model itself. In the previous situation, it is often 
the case for the performance to be now really 
poor. From the other side, it might be instead 
the case that an alternative model, either built by 
means of a different algorithm or a different set 
of features, provide slightly worse results at the 
training step. On the contrary, the test step might 
lead to far better results than those obtained by 
the previous model.
A ML based model that is too much focused on 
the results obtained on the training data is said 
to have low bias and high variance. The bias is 
the tendency to avoid overfitting[14]; the vari-
ance refers to the sensibility to small differenc-
es in the data. A low bias means that the model 
concentrated too much on the smallest details of 
the training set, at the cost of not being able to 
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well describe patterns in the test set. As a conse-
quence, small differences may lead to really huge 
prediction or classification errors in the test step 
(high variance). If our goal is to lower the bias, or 
equivalently to obtain better performances at the 
test stage, we will most likely need to deal with a 
poorer performance at the train stage. 
A good ML based model has to take into account 
and therefore optimize the bias-variance tradeoff. 
This can be accomplished by trying different 
models and detect the one that obtained the 
best results during the testing step.
The answer we however obtained so far is not 
conclusive: when we compare different models 
we are able to find the winner model. However, 
if we carefully think about how the test stage 
is working, we can understand that we are just 
pushing the overfitting issue at the level of the 
test set. 
For those reasons, the real performance of the 
winner ML algorithm is usually analyzed by 
means of a third set of data, the so-called vali-
dation set. This completely new group of data is 
used to evaluate the final ML performance.
Unfortunately, in Biomedicine it is often difficult 
to obtain a reasonable numerosity for train, test 
and validation sets, either because of the rarity of 
the disease or because of the high costs linked to 
the gathering process itself.
For those reasons in recent years many organi-
zations are creating big databanks, see for in-
stance the Parkinson’s Progression Markers Ini-
tiative dedicated to Parkinson’s disease (PPMI, 
www.ppmi-info.org). In this way building costs 
are distributed among organization and several 
research groups can contribute to analyze data 
thus boosting scientific advancement in the re-
lated field.

ML algorithms
As we discussed in the introduction, a number of 
ML algorithms have been developed in the years, 
and others are currently created and tested to an-
swer to the newest challenges.
Their performance is inherently dependent on 
the nature of the data they deal with. 
Linear methods exist either for regression (pre-
diction of continuous outcomes, e.g. the future 
temperature) or classification (segregation of the 
output, e.g. patients versus controls). However, 
all of them underlie linear interactions between 
the selected features. As already written, the na-
ture of the relationship is often too complex to 

be expressed in linear terms. Therefore it is like-
ly that such models can only approximately lead 
to good performances when approaching a par-
ticular problem. Within this sub-class, we count 
Linear or Multiple Regression, Ridge Regression, 
Linear Discriminant Analysis[14].
Classification problems are alternatively ap-
proached via methods like K-means clustering, 
Gaussian mixtures, or K-nearest neighbors mod-
els [14, 15]. Those methods are called model-free 
because they do not try to identify the structure 
of the relationship between data. Rather, they 
focus on the similarities within the data and per-
form classification or regression based on how 
well they segment the features space. The above-
mentioned algorithms are adopted both for su-
pervised and unsupervised learning.
Remarkable success in scientific literature has 
been collected by Support Vector Machine (SVM) 
classifiers and their extensions [15, 14]. SVMs can 
both investigate linear and non-linear patterns, 
and are relatively easy to implement.
Like for SVMs, decision trees[4] and hierarchical 
clustering[14] are adopted both in scientific liter-
ature and for industrial applications, as they ex-
plore, usually in unsupervised learning contexts, 
the data until they provide a reasonable classifi-
cation.
Artificial Neural Networks (ANN) is likely the most 
famous ML algorithm known[14]. Like in the ner-
vous system, ANN works by means of a set of input 
neurons/nodes (the features) that are then com-
bined in complex ways to produce an output (like 
a neuron firing) at the later level. This new level 
could be a classification layer, in which the algo-
rithm produces the most probable class a datum 
belong to, or another set of nodes that process 
again the information. ANNs are really flexible as 
they can model non-linear relationships between 
features and have been shown to be able to lead 
to really good results.

ML in Biomedicine
A consistent body of literature in the last years has 
been adopting ML based approaches for biomed-
ical applications; ML success is indeed witnessed 
by the number of reviews that were recently 
published, from those for a generic medical audi-
ence[5], to those focused on a particular subfield 
like radiology[6], or neurosurgery[3]. 
In the context of Neuroscience, ML classifiers have 
been extensively applied to study functional and 
structural dynamics of the brain[7–9]. 
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In [1] a panoramic of ML based approaches to 
cancer prediction and prognosis is available; re-
cently[10] SVM classifiers have been for instance 
applied to detect prostate cancer.
ML based procedures have been furthermore 
successfully adopted in Cardiology[11]. Hierar-
chical clustering has been instead employed to 
investigate, for instance, tauopathy in Alzheimer’s 
disease[12].
ANNs have been instead recently implemented in 
[2] to classify different sub-types of psychogenic 
non-epileptic seizures, and in [13] to explore cus-
tomers’ emotions.
A comprehensive overview of all the medical 
fields were ML has been used would be prohib-
itive and is beyond the scope of this article. We 
wanted just to highlight how ML is now playing a 
major role in a increasing number of biomedical 
areas.

Conclusions
In this short review we have shown the impact 
that ML has had, like for other human fields, 
in Biomedicine. We have discussed ML funda-
mentals, starting from how feature selection is 
performed and discussing how ML models are 
trained and validated. Eventually we have report-
ed some results gathered from very recent liter-
ature witnessing how several groups use ML for 
clinical applications.
We are convinced that impact of ML in the next 
years will still increase, and will eventually be-
come of primary importance for public health 
agencies.
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