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Abstract
Machine Learning application on clinical data in order to support diagnosis and prognostic evaluation arouses growing interest in
scientific community. However, choice of right algorithm to use was fundamental to perform reliable and robust classification.
Our study aimed to explore if different kinds of Machine Learning technique could be effective to support early diagnosis of
Multiple Sclerosis and which of them presented best performance in distinguishing Multiple Sclerosis patients from control
subjects. We selected following algorithms: Random Forest, Support Vector Machine, Naïve-Bayes, K-nearest-neighbor and
Artificial Neural Network.We applied the Independent Component Analysis to resting-state functional-MRI sequence to identify
brain networks. We found 15 networks, from which we extracted the mean signals used into classification. We performed feature
selection tasks in all algorithms to obtain the most important variables. We showed that best discriminant network between
controls and early Multiple Sclerosis, was the sensori-motor I, according to early manifestation of motor/sensorial deficits in
Multiple Sclerosis. Moreover, in classification performance, Random Forest and Support Vector Machine showed same 5-fold
cross-validation accuracies (85.7%) using only this network, resulting to be best approaches. We believe that these findings could
represent encouraging step toward the translation to clinical diagnosis and prognosis.

Keywords Resting state fMRI . Support vector machine . Random Forest . Naïve Bayes . K-nearest-neighbor . Artificial neural
network

Introduction

In the last few years, several studies applied Machine
Learning techniques to analyze Magnetic Resonance
Imaging (MRI) (Douglas et al. 2011; Formisano et al. 2008;

LaConte et al. 2005; Lemm et al. 2011; Misaki et al. 2010;
Mourão-Miranda et al. 2005; Pereira et al. 2009; Wang et al.
2007). This increased interest of the scientific community de-
rived from the possibility to extract important, clinically useful
and novel knowledge from neuroimaging data, especially
thanks to the high performing hardware and the innovative
algorithms implemented (Chan et al. 2001; Pereira et al.
2009; Sivapriya et al. 2015). Among the different kinds of
MRI acquisition, the functional MRI (fMRI) can show a mea-
sure of brain activity, by detecting changes associated with
blood flow. Cerebral blood flow and neuronal activation were
coupled and when an area of the brain was in use, blood flow
to that region increases. The detection of the activated regions
allowed to understand how the healthy brain works, and in a
growing number of studies it was applied for understanding
which brain function was disrupted by a particular disease.
There were two kinds of investigations that could be done
by using the fMRI: the resting state fMRI (rs-fMRI) and the
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task-based fMRI. In rs-fMRI, the study was focused on the
activation of specific brain networks in rest condition and on
how they interact with each other. The task-based fMRI en-
ables to monitor how the blood flow varies in the different
networks during a specific movement or through a specific
exercise. These techniques were used to understand the evo-
lution of neurodegenerative diseases in order to support their
early diagnosis by discovering new biomarkers. In particular,
rs-fMRI has catalyzed the attention of scientific community
with the aim to explore spontaneous neuronal activity in the
human brain during rest. A number of rs-fMRI studies have
consistently reported the formation of functionally linked
resting-state networks during rest. Although using different
groups of subjects, different methods and different types of
MRI acquisition protocols, these studies have consistently
identified the same resting-state networks (i.e. default mode
network, visual network), thus demonstrating the robustness
of these functionally linked networks within the brain.

Multiple Sclerosis (MS) was a demyelinating disease that
affects the central nervous system and disrupts the flow of
information within the brain, resulting in a range of signs
and symptoms, including motor, cognitive, and sometimes
psychiatric problems. Several MS forms exist, with new
symptoms either occurring in isolated attacks, with complete
symptoms disappearance between attacks (relapsing-remitting
forms, R-R) or building up over time (progressive forms). The
cause of MS was still unknown, although it was hypothesized
the disease was triggered by as-yet- unidentified environmen-
tal factor in persons who were genetically predisposed to re-
spond. The course ofMSwas highly varied and unpredictable,
therefore the progress over time and the severity of MS in any
one person cannot yet be predicted. A timely and fast diagno-
sis was crucial in this pathology. In the last years, several
classification approaches for distinguishing MS from healthy
controls have been applied on the histological and RNA data
(Briggs et al. 2010; Goldstein et al. 2010; Keller et al. 2009;
Ulrich et al. 2010), on graymatter (GM) alterations (Bendfeldt
et al. 2012), on MR parameters (Yamamoto et al. 2010) and
diffusion tensor (DT) MRI tractography (Mesaros et al. 2012)
or on Magnetic Resonance Spectroscopic Imaging (Ion-
Mărgineanu et al. 2017). However, investigations about MS
were limited to relatively few publications with fMRI data,
which analysis was fundamental to describe alterations in
brain functional architecture and their role in disease progres-
sion and clinical impairment. In particular, these alterations
could discriminate between patients and healthy controls in a
predictive setting, helping clinicians in the early diagnosis.
Based on these concepts, rs-fMRI offers a promising method
to further investigate the functional impact of early stages of
MS, in which long-range connectivity can be altered by both
inflammatory processes and damages (Richiardi et al. 2012).

The application of the classification task on fMRI data has
continually evolved and modified with the interest in this

field. The knowledge of these classification methods was fun-
damental to implement the right and suitable approach. In fact,
according to the features number or to the data distribution,
the selection of the methodology was different and the appli-
cation of the wrong algorithm could bring to incorrect results
and bad interpretations. Moreover, the choice of the right al-
gorithm could be crucial for the right diagnosis, allowing to
distinguish among different neurodegenerative diseases and to
avoid important and progressive sides effects, which could be
fatal for the patients. The feature selection, performed prior to
the classification, allows to explore possible new biomarkers
involved in the considered pathology. For example, the
weights of the features could be used to understand mecha-
nisms behind the pathology and its clinical course.

This work aimed at evaluating whether several kinds
Machine Learning techniques could be effective to support
early diagnosis of MS from resting-state functional (rs-
fMRI) connectivity data and which of them presented the best
performance on these data. In particular, we explored the abil-
ity in distinguishing between healthy controls and patients
with MS of mean signals extracted from Independent
Component Analysis (ICA) corresponding to 15 well-known
networks, using five different methods: Random Forest (RF)
(Breiman 2001), Support Vector Machine (SVM) (Cortes and
Vapnik 1995), Naïve Bayes (NB) (Murphy 2006), K-nearest-
neighbor (kNN) (Peterson 2009) and an Artificial Neural
Network (ANN) (Dayhoff and DeLeo 2001). Features selec-
tion has been performed to each method in order to obtain the
ranking of features importance and features weights were then
calculated. We trained the different classifiers on the most
important features and we evaluated the 5-fold cross-valida-
tion accuracies (with and without feature selection), in order to
verify the differences between the various techniques.

The present paper was organized as follows: a presentation
of materials, methods and of concepts of machine learning
classification in which we described the different methodolo-
gies applied and their parameters. Finally, we reported the
results and we discussed about the comparison among the
algorithms performance.

Materials & methods

Patients

Eighteen consecutive MS patients (18 early-RR) were recruit-
ed from the Neurological Unit of the University ‘Magna
Graecia’ of Catanzaro and enrolled in this study, matched
for demographic variables with 19 healthy controls.

The difference in sex distribution between groupswas eval-
uated with the chi-square test, while the differences in the
mean of age between MS and control groups was evaluated
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using unpaired two sample t tests. Statistical analysis was
performed with R language vs3.3.2 (Team 2000).

The RR-MS patients fulfilled the revised McDonald diag-
nostic criteria (Polman et al. 2011). Each patient was assessed
clinically by an experienced neurologist to determine the
Expanded Disability Status Scale (EDSS) score.

Eligibility criteria were a diagnosis of Relapsing–
Remitting Multiple Sclerosis with an onset of symptoms no
more than 36 months before the time of screening (The
CAMMS223 Trial Investigators 2008); no clinical relapses
for at least three months prior to study entry; no assumption
of steroids, or disease-modifying therapies in the three months
before recruitment; no history of traumatic brain injury, past or
current history of substance abuse, or other coexisting medical
conditions. Inclusion criteria for healthy subjects were: no
previous history of neurological or psychiatric diseases; nor-
mal MRI of the brain (as assessed by structural MRI scanning)
and no assumption of drugs acting on the central nervous
system. All participants provided written informed consent
and the study was approved by the local institutional review
board.

The demographic and clinical characteristics of MS group
were summarised in Table 1.

MRI acquisition

MRI were acquired by a 3 T scanner with 8 channel head coils
(Discovery MR-750, GE, Milwaukee, WI, USA), including:
(a) whole-brain T1-weighted (SPGR; TE/TR = 3.7/9.2 ms,
flip angle 12°, voxel-size 1 × 1 × 1 mm3); (b) conventional
T2-weighted; (c) resting-state functional MRI (rs-FMRI),
200 volumes of a repeated gradient-echo echo planar imaging
sequence (TR/TE: 2000/25 msec; thickness/gap = 3/0.8 mm).

MRI pre-processing

LST-toolbox v.2.0.15 was used for the automated white matter
(WM) lesion segmentation and filling on the corrected T1 and
FLAIR, non-linearly co-registered, with an initial threshold

kappa = 0.15 and the belief map set to GM. Estimated total
lesion load (ml) and number of lesions were calculated.

All rs-FMRI were pre-processed using tools from the
FMRIB’s Software Library v.5.0 as follows: (1) discarding of
the first 5 volumes to remove T1 equilibrium effects, (2) skull-
stripping of images, (3) motion and slice-time correction, (4)
denoising with high-pass temporal filter (128 s), (5) spatial
smoothing with a Gaussian kernel of FWHM 8 mm. No subject
hadmore than 1mmmaximum translation or 1mmofmaximum
rotation in each axis. No statistical significant differences (t-test,
p < 0.05) were found between the two groups in the mean
Euclidian distance and the mean Euler angle.

WM and CSF masks were created by T1 segmentation and
then applied to each rs-FMRI to extract the signals. WM and
CSF signal together with 6 motion parameters were regressed
out from the time series. Following the removal of these nui-
sance variables, the residual time series for each scan were
demeaned and co-registered to the T1 normalized on the
MNI 152 standard space.

We applied an independent component analysis (ICA) on
this pre-processed rs-FMRI with the GIFT toolbox v.3.0b
using the Infomax approach (Rachakonda et al. 2007).
Previous studies demonstrated the reliability of the ICA anal-
ysis for exploring subtle alterations in MS (Sbardella et al.
2015). Indeed, it has been widely demonstrated that ICA net-
works changes correlated with clinical MS parameters
(Sbardella et al. 2015). The strength of ICA, which is a data-
driven and whole-brain approach, lies in its intrinsic charac-
teristics to reveal dynamics for which temporal model is not
available (Calhoun et al. 2009). Moreover, ICAwas designed
to separate a multivariant signal in its sub-components, thus
allowing to simplify the analysis of a complex of signals
(Sbardella et al. 2015). Compared to the region-of-interest
(ROI) approach, ICA overcame the relative arbitrariness of
the ROI selection, since it is used without any a prior hypoth-
esis, (Sbardella et al. 2015).

An intermediate model order (number of components = 21)
was chosen to achieve a balance between robustness of com-
ponent spatial maps and the number of components extracted.
All these components were stable across multiple runs of

Table 1 Demographic and
clinical characteristics of MS and
CTRL groups

MS (N = 18) CTRL (N = 19) P-Value

Gender (M/F) 9/9 9/10 1a

Mean Age (Years) 34.17 (22–49) 37.42 (21–64) 0.43b

Mean Age At Onset (Years) 32.5 (20–45) –

Disease Duration (Months) 17.83 (3–36) –

Mean EDSS 2.13 (1–4.5) –

Mean Lesion Load MRI (Ml) 6.37(28.35–0.141) –

MSMultiple Sclerosis CTRL Controls EDSS Expanded Disability Status ScaleMRImagnetic resonance imaging
aχ2 -test;
b Unpaired two sample t-tests
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independent component decomposition. In particular, the
plugin ICASSO,1 provided in the GIFT toolbox, was used
for identifying the most reliable and stable components across
20 iterations with different initial conditions and bootstrapped
data sets. The ICASSO quality index obtained was of 0.97,
indicating a reliable solution (Himberg et al. 2004).

Fifteen mean components were visually identified by two
experts.We first applied voxelwise one-sample t-test on all the
15 mean components including all the subjects, both RR-MS
and healthy controls. The t-maps obtained from on-sample t-
test were automatically thresholded by GIFT with a default
value of 1.5, and then they were binarized, thus resulting in
masks for extracting the mean signal of the 15 networks for
each subject. For automatically extracting these data, we used
the toolbox MarsBaR for Matlab 2013a (Brett et al. 2002).

Machine learning analysis

In a machine learning classification task, the data were used to
predict a category or a label. This process is also called super-
vised learning, in which an algorithm uses information re-
ceived in input to create a model that is able to assign the right
label to each observation. An algorithm that implements clas-
sification is known as a classifier. A classifier allows to group
observations in classes and to identify differences between
them. By defying classes labels, a model can be designed to
assign data samples into classes. An example of how a
Machine Learning classifier works is reported in Fig. 1.

The choice of the right Machine Learning algorithm to use
depends by several factors, i.e. size, quality and nature of fea-
tures. Eachmethodology creates a different classificationmethod
in according to its nature. In the present study, machine learning
analysis were conducted on a dataset composed of 37 rows
(subjects) and 15 features (mean signal in the network) with
Matlab 2013a and R language (3.3.2). Five different classifiers
were build: Random Forest (RF), Support Vector Machine
(SVM), Naïve Bayes (NB), k-Nearest Neighbor (kNN) and
Artificial Neural Network (ANN).

We implemented first a RF algorithm to consider the tree
decision category and a SVM algorithm with a Radial Kernel
to consider a non-linear category. Subsequently, we performed
a linear classifier, NB, since it is one of the more popular
statistical technique and a kNN classifier, which is based on
the Euclidean distance between points and it is a non-linear
approach. Finally, we built an Artificial Neural Network,
which represents a non-linear structure of statistical data orga-
nized as modeling tools able to simulate complex relationship
between inputs and outputs that other analytic functions could
not represent.

Random Forest

Random Forest (Breiman 2001) is a Machine Learning tech-
nique is composed by a collection of Classification and
Regression Trees (CART) and returns as outcome the class
corresponding to the one with the majority of votes (see
Fig.2 (a)).

In this work, RF was built with 10.000 trees in the forest
(ntree) and a recommended value for the number of variables
considered at each split of mtry = √ features number. Number
of features was 15 and thus mtry was 4. Out-of-bag (OOB)
error was also calculated.

Support vector machine

Support Vector Machine (Cortes and Vapnik 1995) is machine
learning tool applied in many fields like EEG signal classifi-
cation, cancer identification, bioinformatics, seizure predic-
tion, face recognition and speech disorder (Bhuvaneswari
and Kumar 2013). SVM allows to construct the optimal hy-
perplane with largest margin for separating data between two
groups (see Fig. 2b). For two-dimensional data, a single hy-
perplane is enough to separate the data into two groups such as
+1 or − 1. When data were nonlinear and they show more
complexity, such as biomedical data, this approach could be
not adequate, since the data distribution were casual and a line
fails to separate classes. Moreover, using a linear approach on
complex data leads to several errors in the classification step.

In case of data not linearly separable, these were converted
into higher dimensional mapping for classification, called
Feature Mapping and its mapping has a particular function
Φ(xi), as in (1). To find the value of Φ, a Kernel functions
can be used.

xiT xj ¼ K xi; xjð Þ ¼ Φ xið ÞT Φ xjð Þ ð1Þ

K(xi,xj) is the Kernel functions which is based on the inner
product of two variants xi and xj. In original space dot product1 ICASSO Toolbox, http://research.ics.aalto.fi/ica/icasso/

Fig. 1 Example of machine learning classifier. Starting by the input
dataset with class labels, an algorithm of Machine Learning is applied
to create the right model to classify the different labels (Classifier block).
To evaluate the accuracy of the methodology, external testing data is
provided to classifier in order to evaluate its performance
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of xi,.xj is used for calculation and it is converted into higher
space can be replaced dot products as kernel function.

One of most popular function kernel is the radial kernel
function (RBF). Considering two data samples defined with
x and μ, which represented as feature vectors in some input
space, a RBF kernel is defined as:

K xi; xjð Þ ¼ e
−1
2

x−μ
σð Þ2 ð2Þ

Where (x-μ)2 is the squared Euclidean distance between
the two features vectors.

To implement a RBF-SVM algorithm, two parameters
have been established: boxcostraint C and gamma γ. The
parameter γ defines how far the influence of a single training
example reaches, while the boxconstraint C controls the clas-
sification and the misclassification, due to data overfitting.

For SVM algorithm performed for our study, a radial kernel
was used and an iterative algorithm have set the better values
for boxcostraint C and gamma γ as equal to 7.

Naïve Bayes

Naïve Bayes (Murphy 2006) classifier is the one of easier,
since it consists into draw a simple line to discriminate the

considered classes (see Fig. 2c). Moreover, it is a more popu-
lar statistical technique applied for the classification in data
mining issues. It is based on Bayes theorem with indepen-
dence assumption between the features:

P AjBð Þ ¼ P BjAð ÞP Að Þ
P Bð Þ ð3Þ

Bayes theorem allows to calculate the probability of a ran-
dom event A attends knowing that an event B occurred. The
probability a priori of A, B and B influenced by A must be
known. NB classifiers were highly scalable, requiring a num-
ber of parameters linear in the number of variables (features/
predictors) in a learning problem. The Naive Bayes Classifier
technique is based on the so-called Bayesian theorem and is
particularly suited when the dimensionality of the inputs is
high. Despite its simplicity, NB can often outperform more
sophisticated classification methods. NB has proven its effec-
tive application, often reported as Bsurprisingly^ accurate, in
text classification, medical diagnosis and systems perfor-
mance management (Pang et al. 2002). Generally, a NB clas-
sifier is not suitable for non-linear problem since the classes
were not linearly separable.

Fig. 2 (a) example of decision trees composed a RF algorithm; (b) example of a kernel radial in SVM classification; (c) example of NB inwhich the data
are linearly separable; (d) example of kNN, in which are showed the different classification based on the k value
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K-nearest neighbors

K-nearest-neighbor classification is one of the simplest classi-
fication methods. It should be one of the first choices for a
classification study when there is little or no prior knowledge
about the distribution of the data. K-nearest-neighbor classifi-
cation was developed from the need to perform discriminant
analysis when reliable parametric estimates of probability
densities were difficult to determine (Peterson 2009).

KNN methods consist to compare every unseen point x
through a distance function dist (x, xi) to all points xi of the
training set. The k minimal distances were performed and the
majority over the corresponding labels yi is taken as the
resulting label for x. An example of kNN algorithm is reported
in Fig. 2d. The principal issue of the kNN method is the
number of data points and the distance. In fact, a kNNmethod
work well, if a reasonable distance (typically the Euclidean
one) is available and if the number of data points in the train-
ing set is not huge.

Efficiency of the kNN algorithm largely depends on the
value of k (i.e., choosing the number of nearest neighbors).
The optimal value for k can be selected by cross-validation,
but it depends also by first inspecting the data. In general, a
large k value is more precise as it reduces the overall noise. In
fact, a low signal-to-noise ratio requires larger values of k
(Lemm et al. 2011). The k values usually have been between
3 and 10 for most datasets.

In this case, kNN algorithm was developed with a k value
of 7, which represented the value with the better classification
accuracy.

Artificial neural network

An artificial neural network is a learning algorithm, inspired
by the structure and functional aspects of biological neural
networks (Dayhoff and DeLeo 2001). In a biological network,
neurons receive inputs from other neurons (or sensing cells)
and then they send an output to the other cells that were con-
nected to it. In a computational ANN, the process is the same
and the elaborations were structured as an interconnected
group of artificial neurons, which process information.
Elaborated information is transmitted to linked neurons.

An artificial neuron usually has many inputs and one out-
put. The neuron has two modes of operation: the training
mode and the using mode. In the training mode, the neuron
could be trained to fire, i.e. it is ready to transmit commands
and information, while in the using mode, in presence of input
pattern, its associated output becomes the current output. If the
input pattern does not belong in the taught list of input pat-
terns, the firing rule is used to determine whether to fire or not.

Neurons were connected in layers, and signals travel from
the first (input) to the last (output) layer. Modern neural

network projects typically have a few thousand to a few mil-
lion neural units and millions of connections.

ANN could be used in several fields and one of its most
important application is the pattern recognition, implemented
by using a feed-forward neural network. In this configuration,
in the training phase, the network is trained to associate out-
puts with input patterns (see Fig. 3). When the network is
used, it identifies the input pattern and tries to output the
associated output pattern. The implemented ANN in this paper
was built with 3 hidden layers and a weights decay of 0.1.

Feature selection

Variable and feature selection represent a powerful tool for im-
proving the prediction performance and for better discovering the
knowledge that hides in high- dimensional datasets (Guyon and
Elisseeff 2003). Indeed, a known issue in classification task is to
minimize the so-called curse of dimensionality, which could lead
to the risk of overfitting and misclassification of records (Guyon
et al. 2002). This problem gets worse when the feature space is
larger than the number of records. Given a particular classifica-
tion model, it is very useful to select the best subset of features,
based on variables ranking, which improves the overall perfor-
mance of the prediction.

For all these reasons, we applied different feature selection
approaches, depending on the classifier itself, to obtain a rank-
ing of the most predictive networks. We used the intrinsic
feature selection of RF, based on the Gini index, the recursive
feature elimination (rfe) for the SVM and kNN and the fea-
tures weights calculation with the function BvarImp^ present
in caret package for the other algorithm.

Recursive feature elimination (Guyon et al. 2002; Guyon
and Elisseeff 2003) consists to assign weights to features (e.g.
the coefficients of a linear model), given an external estimator.
It is an iterative method to select features by repetitively con-
sidering smaller and smaller sets of features. Initially, the es-
timator is trained on the all set of features, calculating weights
for each one of them. The predictors were ranked and the less

Fig. 3 internal architecture of an ANN with the hidden layers
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important ones were sequentially eliminated prior to model-
ing. The goal is to find a subset of predictors that can be used
to produce an accurate model.

For the linear classifier (NB), method returns the absolute
value of the t–statistic for each model while for ANN, method
is based on Gevrey et al. (2006), which uses combinations of
the absolute values of the weights. Finally, we re-built each of
the five classifiers only on the most important features.

Cross validated accuracy

For evaluating both the feature selection task and the classifi-
cation performance, we used a 5-fold cross-validation, split-
ting the dataset into 80% training set (30 subjects) and 20%
testing set (7 subjects). A k-fold cross-validation is a method
of evaluating and comparing learning algorithms by dividing
data into two parts: one used to learn or train a model and the
other used to validate the model. Dataset is first partitioned
into k equally (in our case 5) folds and k iterations of training
were performed. Within each of these iterations, a different
fold of the data is held-out for the testing operation while the
remaining k − 1 folds were used for training the classification
model (Refaeilzadeh et al. 2009). Thus, variance of the data
has reduced, avoiding possible overfitting or bias errors.
Moreover, methods of k-fold-cross-validation could be used
to compare the performance of different machine learning
models on the same data set, allowing to choose the better
algorithm for the considered data.

In this paper, we used the 5-fold cross-validation to calcu-
late and to compare the different classification performance
both using all features and using only the most important
features obtained through the feature selection.

Results

Clinical findings

Demographic and clinical characteristics of patients have been
elaborated to investigate the possible dissimilarity between
MS patients and healthy subjects. Significant differences have
not been detected, in particular, age and gender distributions
were not statistically different between the two groups.

MRI findings

The mean lesion load for the MS was 5.25 ml, with a mean
number of lesions of 15. By visually inspecting ICA-derived
components of rs-fMRI, we identified 15 networks, reported
in Fig. 4.

In particular, we found the following networks: (i) sensori
motor I and II (see Fig. 4A and B), including somatosensory
(postcentral gyrus) and motor (precentral gyrus) regions and

extends to the supplementary motor areas; (ii) primary and
secondary visual (see Fig. 4c and d) composed by occipital
and lingual gyri, the parietal lobe, the fusiform and inferior
temporal gyri; (iii) auditory (see Fig. 4e), including mostly
primary auditory cortex; (iv) working memory right and left
that were lateralized networks (see fig. 4f and g) consisting of
superior parietal and superior frontal regions; (v) executive
(see fig. 4h) including the midline frontal areas, with the an-
terior cingulate gyrus, SMA, and portions of the basal ganglia;
(vi) attention (see Fig. 4j) consisting of temporal and parietal
cortices; salience (see Fig. 4k) composed by the anterior cin-
gulate cortex, presupplementary motor area, and anterior
insulae; (vii) anterior and posterior default mode (see fig. 4l
and m) composed by precuneus, medial frontal and posterior
cingulate cortex; (viii) ventral stream (see Fig. 4n) including
mostly medial temporal lobes; (ix) cerebellum (see Fig. 4o)
composed by cerebellar lobes; (x) basal ganglia (see Fig. 4p)
that contains the subcortical nuclei, situated at the base of the
forebrain.

Machine learning algorithms on all features

The five classifiers were then trained on all 15 ICA networks
mean signal as previous described. The 5-fold cross-validation
accuracies were reported in Table 2. The classification param-
eters (accuracy, sensibility, specificity, positive predictive and
negative predictive value) were calculated as the mean obtain-
ed in the different five folds. SVM, RF and kNN showed a
comparable accuracy (SVM: 63.3%, RF: 56.5% and kNN
63.2%). ANN represented the algorithm with the major accu-
racy (69.9%), while NB presented the worse performance
(46.6%).

Feature selection

To increase these results, we applied the feature selection op-
eration to calculate the features weights. In all five cases in our
study, we obtained the same feature, which represent the
sensori-motor I network. In SVM, NB and kNN the weight
of this network was 0.8 (while the second feature was cere-
bellum with 0.68), in ANN it was 11.178 (the second feature
was the salience network with 10.287) and finally in RF it was
2.8 (the second feature was the sensori-motor II with 1.3).
These results were reported in Fig. 5. It could be also noticed
that similar importance values were obtained for the sensori-
motor II, cerebellum and working memory networks.

Machine learning algorithms on the sensori-motor I

In presence of these results, we have performed new classi-
fiers using only the sensori-motor I to evaluate its possible
predominance and effect in early MS classification using
fMRI data. The classification parameters were reported in
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Table 3. SVM and RF presented about the same 5-fold cross-
validation accuracies of the classifiers with all features. On the
other hand, NB, kNN and ANN presented a slightly increase
of the accuracies using only a feature. All accuracies were
increased compared to the classifiers with all features. NB,
kNN and ANN showed the same accuracy of 71.42%.
However, in particular, with only this network, RF and SVM
classifiers reached an accuracy of 85.7% to demonstrate the
strength of the sensori-motor I in discriminating between the

two groups. More interestingly, the only misclassified patient,
with these two classifiers, resulted to have the lowest value of
lesion volume (0.141 ml and 2 lesions).

Discussion

In this paper, we trained five different Machine Learning al-
gorithms on functional connectivity data extracted from ICA

Fig. 4 The 15 networks generated by GIFT: (a) sensori-motor network I;
(b) sensori-motor network II; (c) Primary Visual network; (d) Secondary
Visual network; (e) Auditory network; (f) working memory network
(right); (g) working memory network (left); (h) executive network; (j)

attention network; (k) salience network; (l) anterior default network; (m)
posterior default network; (n) ventral stream network; (o) cerebellum
network; (p) basal ganglia network. The color bars show z-score
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networks, with the aim of evaluating howwell they performed
in discriminating between healthy controls and MS patients
for the support of the early diagnosis of MS from rs-fMRI
data. In particular, we applied RF, SVM, NB, kNN and
ANN approaches on the same dataset consisting of ICA

networks values. Features selection was then performed in
each classifier and results were compared.

All five classifiers, trained on all the features, showed very
poor 5-fold cross-validation accuracies (see Table 2). The per-
formance values were very different among classifiers since
they derived from different algorithm approaches. RF and

Fig. 5 features selection applied on the five algorithms. In each case, the most important network is the sensori-motor I

Table 2 Five-Fold Cross Validation Accuracies, Sensibilities,
Specificities, Positive Predictive Value (PPV) and Negative Predictive
Value (NPV) calculated for each classifier, using all networks

Classification performance using all networks

Algorithm Accuracies Sensibility Specificity PPV-NPV

RF 56.5% 53.3% 60% 3–3

SVM 63.3% 60% 80% 4–2

NB 46.6% 46.6% 46.6% 3–3

kNN 63.2% 66.6% 60% 4–2

ANN 69.9% 53.3% 53.3% 3–3

Table 3 Accuracies, sensibilities, specificities, Positive Predictive
Value (PPV) and Negative Predictive Value (NPV) calculated for each
classifier, using only Sensori Motor I network

Classification performance using only sensori motor I network

Algorithm Accuracies Sensibility Specificity PPV-NPV

RF 85.7% 100% 66.7% 6–1

SVM 85.7% 100% 66.7% 6–1

NB 71.42% 50% 100% 5–2

kNN 71.42% 50% 100% 5–2

ANN 71.42% 50% 100% 2–3
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SVM presented similar accuracies. It was very interesting
since they were the most popular Machine Learning algo-
rithms used in practice (Kumar and Thenmozhi 2006; Liu et
al. 2013; Statnikov et al. 2008). Usually, SVM was used in
presence of a small amount of data, which could be reasonably
clean, outlier free and when the features were correlated, while
RF works better in presence of a larger number of instances to
have a well randomization to reduce the presence of any out-
liers. In our case, on the 5-fold cross-validation accuracies of
SVM and RF were comparable thanks to the pre-processing
operations in which the signals were submitted to several
denoising steps in order to eliminate various artefacts, i.e.
WM and CSF masks and head motion. Moreover, the features
amount was small and probably RF was slightly disadvan-
taged. On the contrary, NB presented a poor result (46.6%),
probably linked to the linear nature of NB, while kNN
(63.2%) and ANN (69.9%) were comparable to SVM and
RF performance.

Moreover, we applied the feature selection in order to ob-
tain the weights of features and to increase these accuracies.
The most important features for each classifier was sensori
motor I network. Thus, we build new classifiers using only
this network for the classification. All accuracies were in-
creased respect to the previous analyses demonstrating the
strength of the sensori-motor I in discriminating between the
two groups. NB, kNN and ANN showed the same accuracy
(71.4%). In particular, with only this network, RF and SVM
classifiers reached an accuracy of 85.7%. It was worth of
noting that the only misclassified subject was the patient with
the lowest value in the lesion load (0.141 ml). Interestingly,
this misclassification could derive from the early stage of the
disease in this patient, since a so low lesion load might cause
imperceptible changes in functional connectivity, which re-
sults undetectable for the algorithms.

Considering these results on the rs-fMRI connectivity data,
we found that algorithms as NB, kNN and ANN did not rep-
resent the most accurate approach could be used with this type
of data, for different reasons derived by the nature of them.
Linear classification (NB) was not suitable to elaborate com-
plex data as biomedical ones. kNN suffered the change subject
number to classify. ANN instead worked better in presence of
very big data and with only 37 subjects it was not able to find
the right classification strategy. Moreover, these three algo-
rithms showed a good specificity in recognizing all patients,
but their application was not efficient to identify healthy con-
trols. Instead, sensibility of classifying controls values were
poor. On the other hand, RF and SVM algorithms showed
comparable and good results in each classification parameters,
which could be useful in clinical practice. Usually, these ap-
proaches were not in tune and in particular several studies
showed that SVM worked better with unimodal data and on
the contrary RF gave a better accuracy with multimodal data.
Moreover, RF usually improved its performance with the

features selection phase, building the classifier on the most
important discriminant characteristics. Thus initially, in this
study we thought that SVM could give a better performance,
using only the rs-fMRI data.

Interestingly, all five considered algorithms showed the
sensori-motor I as most important feature. This finding was
in according to the early manifestation of motor/sensorial def-
icits in MS and to recent studies found in literature. In fact,
several studies showed an abnormal connectivity in this net-
work in presence ofMS disease (Lowe et al. 2008; Rocca et al.
2009). It depended probably by the robustness of pre-
processing methodology, consisting in the removal of WM
and CSF signal together with 6 motion parameters from the
time series. The signal cleaning allowed to represent the sig-
nificant network for the pathology, in according to the char-
acteristic early symptoms of the disease, which were motor/
sensorial deficits. In particular, by using only the sensori-
motor I as feature to create the classification, RF and SVM
showed the same accuracy. These values demonstrate both the
robustness of pre-processing methodology and the possibility
to facilitate the diagnosis operation in the case of early MS.
Moreover, the ranking of variables importance, calculated
with this approach, has an anatomo-clinical correspondence
with a specific biological meaning in the MS evolution.

We believe that our robust approach could reveal subtle
changes in functional connectivity and that can be in the future
translated into the clinical realm for diagnosis and prognosis.

The results of this study should be interpreted in the context
of some limitations, in particular the relatively small sample
size. We recognized that this aspect could be a restriction for
the study, in fact this work could be considered as a prelimi-
nary investigation in this field. Despite the low dimension of
our cohort, we applied important steps for the signals
cleaning. In fact, we used WM and CSF masks, calculated
for each subject, in order to remove their negative effect on
the analysis. Moreover, we performed a fundamental evalua-
tion on the subject involuntary head motion parameters, cal-
culating for each subject several characteristics, as root mean
squared (rms) and Eular Angle, and performing an outlier
analysis in order to investigate any high motion value that
could distort the ICA components. After these operations,
we extracted temporal signal noise ratio (tSNR) for each sub-
ject and its mean value was 408.76, which showed a good
signal cleaning. Moreover, our results were in according to
the literature, since the importance of sensori motor I network
inMS patients was previously demonstrated (Mezzapesa et al.
2008, et Rocca et al. 2009). Moreover, we should address
another possible weakness of our study, related to the extrac-
tion of the mean signal of the networks. It was well known that
simply averaging across a region, with a large number of
voxels as in our masks, could include noise derived by the
small number of activated/deactivated voxels (Poldrack
2007). This was mostly true when classical statistical methods
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were used for comparing groups. On the other hand, our ma-
chine learning approaches have shown their capability of han-
dling noisy data from functionally coherent regions and this
was demonstrated by the good accuracies we reached also in a
small sample.

Conclusion

In the last few years, the application of Machine Learning
in Resting State data became very popular and interesting.
However, a better knowledge of these algorithms was nec-
essary to implement the correct approach for the considered
problem in according to the features number and to the
data distribution. Thus, based on the considered disease,
the right algorithm should be different. The present study
was designed for evaluating whether several kinds of
Machine Learning techniques could support early diagnosis
of MS from rs-fMRI connectivity data. For this goal, we
implemented five different classifiers with the following
algorithms: SVM, RF, NB, kNN and ANN. The features
considered derived from the analysis of 15 well-known
networks from the resting-state fMRI using the tool
MELODIC together with GIFT. We showed that, with all
different classification algorithms in association with the
feature selection, the best discriminant network between
controls and early MS, was the sensori-motor I. In partic-
ular, RF and SVM seemed to represent the better approach
in this case, since they presented the same accuracies using
only this variable, highlighting the robustness of pre-
processing methodology. It could be also noticed that sim-
ilar importance values were obtained for the sensori-motor
II, cerebellum and working memory networks. These find-
ings were in according to the early manifestation of motor/
sensorial deficits in MS.

In conclusion, we believe that our robust approach could
reveal subtle changes in functional connectivity and that can
be in the future translated into the clinical realm for diagnosis
and prognosis.
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