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Abstract: Recent advances in neuroimaging techniques, such as diffusion tensor imaging (DTI),
represent a crucial resource for structural brain analysis and allow the identification of alterations
related to severe neurodegenerative disorders, such as Alzheimer’s disease (AD). At the same time,
machine-learning-based computational tools for early diagnosis and decision support systems are
adopted to uncover hidden patterns in data for phenotype stratification and to identify pathological
scenarios. In this landscape, ensemble learning approaches, conceived to simulate human behavior
in making decisions, are suitable methods in healthcare prediction tasks, generally improving classification performances. In this work, we propose a novel technique for the automatic discrimination
between healthy controls and AD patients, using DTI measures as predicting features and a softvoting ensemble approach for the classification. We show that this approach, efficiently combining
single classifiers trained on specific groups of features, is able to improve classification performances
with respect to the comprehensive approach of the concatenation of global features (with an increase
of up to 9% on average) and the use of individual groups of features (with a notable enhancement in
sensitivity of up to 11%). Ultimately, the feature selection phase in similar classification tasks can
take advantage of this kind of strategy, allowing one to exploit the information content of data and at
the same time reducing the dimensionality of the feature space, and in turn the computational effort.
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1. Introduction
Alzheimer’s disease (AD) is the most common type of neurodegenerative disorder
causing dementia, generally characterized by loss of memory and a progressive decline
of cognitive functions. AD affects millions of people worldwide, and according to the
World Alzheimer’s report 2015 [1], people affected by dementia will reach 131.5 million in
2050. The in vivo diagnosis of AD is still a hard task because of the diversity of symptoms
manifested by patients. In this context, a very challenging goal is the development of
innovative computational-intelligence-based diagnostic tools that can support physicians
and specialists in the early identification of the pathology and in therapeutic plan decisions.
Advances in neuroimaging techniques have been fundamental for structural and functional
brain analysis allowing the identification of AD-related brain alterations [2–4]. Due to the
difficulty of integrating data on a large scale, machine learning methods (ML) allowing patient classification driven by large amounts of data are gaining increasing interest in recent
years in the field of digital healthcare [5,6]. ML algorithms are a collection of computational
and statistical models that can learn through experience and make predictions based on
new data [7]. Machine learning approaches are able to uncover patterns in the data for
differentiating diagnostic groups and identifying pathological scenarios [8,9]. Several
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recent studies have analyzed the potential of applying ML-based analytical frameworks
to MRI data for the characterization and the automatic diagnosis of AD [10–13]. Indeed,
the biological hypothesis that the cognitive decline due to AD is related to a connectivity
disruption between brain regions caused by white matter degeneration (WM) has been
widely investigated in literature [14,15]. In this context, diffusion tensor imaging (DTI)
has emerged in the last fifteen years as a promising technique that measures the diffusion
of water along WM fibers, providing information on their integrity [16]. The trajectory
and the integrity of the main WM fiber bundles in the brain can be evaluated by tracing
the highly anisotropic diffusion of water along axons [17]. Since DTI is a neuroimaging
technique capable of characterizing white matter fiber trajectories and of highlighting microscopic WM lesions in these bundles, it can be exploited to uncover signs of connectivity
impairment not detectable by means of standard anatomical MRI. Among the different
measures that can be calculated from the diffusion tensor [17], fractional anisotropy (FA)
and mean diffusivity (MD) have played major roles as AD biomarkers [18]. As a matter of
fact, in a healthy axon water diffusion is highly anisotropic, because it is almost completely
bound in one direction; consequently, large values of FA paired to small MD measures
usually describe non-pathological scenarios. From this perspective, DTI allows to investigate microstructural disease-related changes complementary to the information on brain
atrophy highlighted by anatomical MRI.
Recent applications of DTI techniques, together with ML algorithms for the classification of AD, use three possible methods for feature extraction: region of interest (ROI)-based,
voxel-based and tractography-based approaches. In a ROI-based approach, the brain is
parceled into regions of interest, and the mean of the DTI measures is then calculated for
each ROI. The DTI scalar indexes averaged over each ROI are then used as features for
feeding ML algorithms to classify AD subjects also at early stages of the disease and for
investigating WM integrity alterations [19,20]. Several studies based on this approach
have been conducted with multimodal analysis [21]. In tractography-based approaches,
DTI fiber tracking algorithms together with a parcelation scheme are used to model the
brain as a network and to study its connectivity through graph theory. Network measures turned out to be effective variables to characterize the connectivity alterations due
to AD [22–24], and valid features from which to build classification models [25–27]. In
voxel-based approaches, starting from fractional anisotropy maps and using the tract-based
spatial statistics, a white matter “skeleton” is obtained, containing WM tracts common to
all subjects. The diffusion maps of each subject are projected onto the average fractional
anisotropy skeleton; hence, all diffusivity measures of the voxels belonging to that skeleton
can be exploited for feeding classification algorithms and for performing voxel-wise statistical analyses aimed at localizing brain changes related to the onset and development of
the pathology.
Machine learning methods for the identification of AD phenotypes are typically
based on individual classifiers [28–30] or ensembles of different classifiers trained on the
same set of features [25,31]. Ensemble learning is a ML approach—generally improving
classification performances [32,33]—that integrates multiple classifiers fed with the same
group of features or with several vectors of variables describing different representations
of the same physical phenomenon [34]. Ensemble learning was conceived to simulate
human behavior in making decisions, and for this reason it can be a suitable approach in
the medical diagnosis context, where humans usually ask the opinions of various doctors
to increase the reliability of a diagnosis.
In this paper, we propose a novel classification framework based on ensemble learning
for the automatic discrimination between healthy controls (HC) and AD cases, relying on
DTI measures as predicting variables. This kind of ensemble method is able to conveniently
exploit the informative contents of individual maps, associated with specific aspects of
microstructural fiber integrity, and to enhance the generalization ability, taking into account
the peculiarities of different classifiers related to each set of features. Moreover, this
methodology is aimed at enhancing computational efficiency, focusing in particular on
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combinations of single groups of variables instead of considering the usual approach of
global feature concatenation. The paper is organized as follows. Section 2 introduces the
diffusion tensor imaging (DTI) techniques able to investigate white matter fiber integrity
through measurement of anisotropy of WM tracts and water diffusion along them. In
Section 3 after a brief description of feature extraction procedures and classification models
adopted in the present work, a learning experiment is detailed. Finally, Section 4 reports
the results of the experiment and Section 5 discusses the main findings together with future
research directions.
2. Diffusion Tensor Imaging
Diffusion, also known as Brownian motion, is the process of the random constant
microscopic molecular motion caused by heat. In an anisotropic mean, like WM, diffusion
is characterized by a tensor, called the effective diffusion tensor Deff , which fully describes
the molecular mobility along the three spatial directions and the correlations between these
directions. In the framework of MRI-based neuroimaging, diffusion tensor imaging (DTI)
is a technique which evaluates the location, orientation and anisotropy of the brain’s WM
tracts, providing the estimation of the diffusion tensor for each voxel of the 3D image.
From a geometric point of view, the diffusion tensor completely characterizes the
shape of an ellipsoid by means of six variables describing the diffusion coefficient of
water molecules at a specific time in each direction. In the case of isotropic diffusion,
the diffusion coefficient is equal in every direction and the ellipsoid turns into a sphere.
Instead, in the case of anisotropic diffusion the greater mean diffusion along the longest
axis of the ellipsoid is described by an elongated ellipsoid. The tensor matrix is symmetric
according to a property describing the antipodal symmetry of Brownian motion that is
called “conjugate symmetry”. The diagonal terms of the diffusion tensor quantify the
intensity of diffusivity in each of three orthogonal directions. The off-diagonal terms
(vanishing in case of isotropy) indicate the magnitude of diffusion along one direction
arising from a concentration gradient in an orthogonal direction.
Therefore, diffusion data are crucial in order to gain information on tissue microstructure and architecture for each voxel [16,17]. In particular, the three eigenvectors and the
eigenvalues λ1 , λ2 and λ3 of Deff describe the directions and lengths of the three diffusion
ellipsoid axes, respectively, in descending order of magnitude. The largest (primary) eigenvector and the related eigenvalue λ1 represent the direction and magnitude of greatest
water diffusion, respectively. The primary eigenvector provides an important contribution to the fiber tractography algorithms, since it indicates the orientation of axonal fiber
bundles. Eigenvalue λ1 , called “longitudinal diffusivity” (LD), indicates the diffusion rate
along the fibers’ orientation. Eigenvalues λ2 and λ3 , associated with second and third
eigenvectors orthogonal to the primary one, represent the magnitude of diffusion in the
plane transverse to the axonal bundles. The mean value,
RD =

λ2 + λ3
,
2

(1)

is called “radial diffusivity” (RD). The mean diffusivity (MD) indicates the mean displacement of molecules (average ellipsoid size) and describes the directionally averaged
diffusivity of water within a voxel. It is defined as the mean of the three eigenvalues:
MD =

λ1 + λ2 + λ3
3

(2)

The fractional anisotropy (FA) measures the degree of directionality of intravoxel
diffusivity, i.e., the fraction of the diffusion that is anisotropic:
s
FA =

1 ( λ1 − λ2 )2 + ( λ2 − λ3 )2 + ( λ3 − λ1 )2
2
λ21 + λ22 + λ23

(3)
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This measure basically represents a distance between the tensor ellipsoidal shape from
a perfect sphere. Values of the fractional anisotropy range from zero, meaning an isotropic
diffusion, to 1, in case of a linear diffusion occurring only along the primary eigenvector.
When λ1  λ2 , λ3 , the fractional anisotropy measure is close to 1, indicating a preferred
direction of diffusion.
3. Materials and Methods
3.1. Data Collection
Real-world data have been gathered from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) which has the primary goal of testing whether serial magnetic resonance
imaging (MRI), positron emission tomography (PET), other biological markers, and clinical
and neuropsychological assessments can be combined to measure the progression of
mild cognitive impairment (MCI) and early Alzheimer’s disease (AD) (for up-to-date
information, see www.adni-info.org) [35].
The dataset is made of diffusion-weighted scans from a cohort of 92 subjects of
both genders, with age ranging from 55 to 90, from the ADNI-GO and ADNI-2 phases.
According to their diagnoses, the subjects were grouped into 49 HC and 43 AD patients.
Pre-processed FA, MD, RD and LD maps, available in ADNI databases, were randomly
selected from baseline and follow-up study visits. It is worth mentioning that healthy
subjects did not report symptoms of mild cognitive impairment, dementia, or depression;
subjects with AD were those who met the NINCDS/ADRDA criteria for probable AD. The
acquisition of diffusion-weighted scans was carried out through a 3-T GE Medical Systems
scanner. In particular, for each subject 46 distinct images were collected articulated in 41
diffusion-weighted images (b = 1000 s/mm2 ) and 5 scans with negligible diffusion effects
(b0 images).
3.2. Image Processing and Feature Extraction
The first step of the image processing is a double registration step. It consists of
aligning the maps of all subjects so that the same microstructural areas of the anatomical
regions correspond to the same voxels in the images. Then the maps are transformed into
an existing standard space template image (in this case the MNI152 standard space [36] is
used). After the registration, the voxels belonging to the white matter main fiber tracts are
extracted from each map.
Following the acquisition of general diffusivity maps (including FA, MD, RD and LD),
for each subject, all image processing steps were performed with FMRIB Software Library
(FSL) [37], and in particular its diffusion toolkit FDT. In order to carefully align FA, MD, RD
and LD maps to a group-wise space and to focus the analysis only on voxels that belong
to the WM fiber bundles, a tract-based spatial statistics (TBSS) [38] standard procedure,
included in FSL, was performed according to the following steps:
1.

2.
3.

Application of a nonlinear registration for the alignment of all fractional anisotropy
maps to a common registration template: in the present analysis, we used the mean
FMRIB58_FA standard target, available with the software, obtained as the average of
58 FA images in the MNI152 standard space. This step was performed for MD, RD
and LD maps too.
Affine transformation of the entire aligned dataset to a 1 × 1 × 1 mm3 standard space:
the aligned maps were transformed into the standard space template MNI152.
Extraction of the white matter skeleton: by averaging all the FA maps of the dataset, a
mean FA image was obtained, and this result was used to create a mean FA skeleton of
WM fiber tracts that were common to all subjects (see Figure 1). A threshold was applied to the mean FA skeleton in order to exclude gray matter and cerebrospinal fluid
voxels, and the voxels of the zones characterized by greater inter-subject variability
belonging to the outermost part of the cortex.
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4.

Projection of all FA maps onto the mean FA skeleton: this allowed us to achieve
an alignment among all subjects in the direction orthogonal to the fiber bundle
orientation. The same elaboration steps were applied to RD, MD and LD maps.

Figure 1. Coronal, sagittal and axial views of the brain obtained in the FSLeyes image viewer: the mean fractional anisotropy
(FA) skeleton (green) is overlaid with the mean FA map. For the following analysis all maps were projected onto the white
matter skeleton.

The TBSS procedure generates, for each subject and for each diffusivity metric (FA, MD,
RD, LD), approximately 9 × 104 voxels, belonging to the WM skeleton and representing
the features of our classification task.
3.3. Classification Methods
Supervised learning methods are statistical learning techniques aimed to the classification of instances based on labeled training data. In the present paper, in order to build the
ensemble approach, we investigate the most commonly used ML algorithms for medical
classification tasks: support vector machine, random forest and multi-layer perceptron.
Support vector machine (SVM) [39] is a supervised learning algorithm based on the
concept of an optimal hyper-plane that separates observations belonging to two different
classes. In the case of a linear classification problem, given n data points belonging to two
linearly separable sets in a p−dimensional space, the task is to find a ( p − 1)−dimensional
hyper-plane that can classify two classes with the largest margins, i.e., the largest distance
to the boundary from the closest points in each set. In cases when data are not linearly
separable, a possible solution is to map the original data onto a higher-dimensional feature
space in order to favor a more effective separation. Support vector classifiers are then
generalizations of the linear classifier approach to an “augmented” feature space with
significantly high dimensionality (see left panel in Figure 2). Assuming that the transformed feature vectors are given by the function h(x), the optimization problem can be
conveniently recast as a quadratic programming problem using Lagrange multipliers in
which the transformed vectors h(x) are involved in the form of scalar products. Thanks
to this trick, it is not important to know the transformation, but only the type of the kernel function K ( x, x 0 ) = hh(x), h(x0 )i. Consequently, the configuration of a SVM classifier
is completely characterized by the regularization parameter C and the choice of kernel
function. In the present work, for the hyper-parameter tuning phase, the chosen functions
are: (1) d−degree polynomial: K (x, x0 ) = (1 + hx, x0 i)d ; (2) radial basis function (RBF):
K (x, x0 ) = exp(−γ||x − x0 ||2 ), where values of parameters d, γ, κ1 and κ2 span specific ranges.
Random forest (RF) is a supervised learning algorithm based on the construction of a
collection of decision trees, known to be one of the best classifiers in terms of prediction
accuracy and efficiency for high-dimensional datasets [40,41]. RF models operate by
constructing a multitude of decision trees in the training phase and returning as a prediction
the class predicted most frequently by each tree composing the forest, with the aim of
reducing the variance of the final result. The RF training algorithm is based on the general
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technique of bootstrap aggregating to the trees under training. Let ( X, Y ) be the pair of
training set X and target vector Y where X = {x1 , . . . , xn } and Y = y1 , . . . , yn . The strategy
applies repeated (B times) extraction with the replacement of a random sample from X and
a fit of the trees to this sample. In particular, for b = 1, . . . , B, the procedure is the following:
(1) Random sampling with replacement of n observation from training set X obtaining the
subsets ( Xb , Yb ). Generally, for a classification problem with p features, the cardinality of
√
the subset is of order p in order to reduce the correlation between trees originated by
bagging. (2) Training of the b-th tree f b on ( Xb , Yb ). (3) Out-of-sample prediction on unseen
dataset x ∗ is the response outcome obtained from the majority of the results generated
by each single tree. The number of trees B in a forest is the free parameter of the model,
usually set at an order of magnitude of at least 102 .

(a)

(b)

Figure 2. (a) Cartoon picture of a SVM classifier with nonlinear kernel: dots of different colors represent instances of
two different classes; dotted lines represent the decision boundaries. (b) Example of a multi-layer perceptron with two
hidden layers.

Multi-layer perceptron (MLP) [42] is a supervised learning algorithm using a feedforward neural network technique. An MLP is composed of an input layer, one or more
hidden layers of threshold logic units (TLUs) and an output layer. Each hidden layer is fully
connected with the next one, and each TLU computes a weighted sum of its inputs then
applies an activation function to provide a result that will be used as input for the next layer
(see right panel in Figure 2). The activation function is in general nonlinear and is selected
to be C1 -differentiable. The learning process is based on the back-propagation algorithm
that can be summarized as follows [43]: for each training instance, the algorithm generates
a prediction and measures the performance (error). Consequently, each layer in reverse is
analyzed in order to evaluate the contribution to the error from each connection; then edge
weights are tuned in order to improve the performance. In this study, the hyper-parameter
tuning phase of MLP is driven by the choice of an activation function and the number of
hidden layers. Classification algorithms and performance metrics analyzed refer to the
Python scikit-learn library [44].
3.4. Learning Experiment
Once the image processing and feature extraction procedure was completed, each
subject was represented by different feature groups associated with diffusivity metrics
(FA, MD, RD and LD) each with dimensions in the order of 105 . These groups can be
used separately or combined in a single high-dimensional feature vector to feed a learning
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algorithm for the classification of patients with AD. The learning experiment proposed in
the present work consists of comparing these two procedures with an ensemble learning
approach in which each feature group is used to feed a classification algorithm and all
the models are then combined through a voting scheme (see Figure 3). The idea is that
different models trained independently can take into account different aspects of the data,
and consequently a combination of algorithms can improve the predictions obtained with
the single models in the ensemble. The ensemble configurations analyzed in this work are
listed in Table 1.
Table 1. List of all ensemble configurations.
Label

Configuration

Label

1-1
1-2
1-3
1-4
2-1
2-2
2-3
2-4

E ( MFA )
E ( MMD )
E ( MRD )
E ( MLD )
E ( MFA , MLD )
E ( MFA , MMD )
E ( MFA , MRD )
E ( MLD , MMD )

2-5
2-6
3-1
3-2
3-3
3-4
4-1
5-1

Configuration

E ( MLD , MRD )
E ( MMD , MRD )
E ( MFA , MLD , MMD )
E ( MFA , MLD , MRD )
E ( MFA , MMD , MRD )
E ( MLD , MMD , MRD )
E ( MFA , MMD , MRD , MLD )
E ( MFA,MD,RD,LD )

Mi is the best classification method associated with the i-th feature group and E ( M1 , M2 , . . . , M j ) is the ensemble
learning method based on the combination of best classifiers M1 , M2 , . . . , M j . The ensemble of a singleton
corresponds to the best classifier, i.e., E ( Mi ) ≡ Mi . Finally, configuration 5-1 refers to the best classifier trained on
a single high-dimensional vector concatenating all feature groups.

Figure 3. Classification framework based on ensemble learning with a soft-voting strategy.

The learning experiment consists of three steps.
1.

For each group of features in (FA, MD, RD, LD) and their combined feature vector,
find the best associated classifier among the three algorithms SVM, RF and MLP, as
described in Section 3.3. A 5-fold cross validation grid search procedure should be
performed to tune the hyperparameters and evaluate the best performer for each
configuration, as shown in Table 2.
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Table 2. Best model selection procedure.

5-fold SVM best
5-fold RF best
5-fold MLP best
Best Classifier

2.

1-1

1-2

1-3

1-4

5-1

SVM1-1
b
RF1-1
b
MLP1-1
b

SVM1-2
b
RF1-2
b
MLP1-2
b

SVM1-3
b
RF1-3
b
MLP1-3
b

SVM1-4
b
RF1-4
b
MLP1-4
b

SVM5-1
b
RF5-1
b
MLP5-1
b

MFA

MMD

MRD

MLD

M5-1

1-1
For instance, for configuration 1-1 the model MFA is chosen among SVM1-1
b , RFb and
MLP1-1
b .
For each possible configuration listed in Table 1, evaluate the performance of the
ensemble learning algorithm, based on the combination of the best classifier selected
in step 1. The voting scheme is a soft-voting procedure which is based on averaging
the probability scores given by the individual classifiers according to the following equation:
n

ŷ = argmax ∑ w j pij
i

3.

(4)

j =1

where ŷ is the ensemble predicted label, n is the number of classifiers, w j is the weight
that can be assigned to the jth classifier (in the present analysis we consider uniform
weights) and pij is the probability score assigned to the ith class from the jth classifier.
In the case of binary classification i ∈ {0, 1}. The ensemble algorithm analyzed in the
present work refers to the ensemble.VotingClassifier method of Python scikit-learn
library [44]. The choice of this scheme is due to the fact that it is more flexible than
the hard one, since it takes into account the classifiers’ uncertainty about the final
decision, which is more informative than the simple binary prediction.
Repeat steps 1 and 2 on a balanced dataset obtained from the original one (43 AD vs.
49 HC), removing 6 healthy controls using the instance hardness threshold method
(IHT) of Smith et al. [45]. IHT is an under-sampling method for reducing class
imbalance based on the removal of the “hard” instances (where instance hardness is
the likelihood of being misclassified), while focusing on the majority class samples
that overlap the minority class sample space. The balanced dataset is then composed
of 43 diseased cases and 43 healthy controls.

The classification performances in step 2 are evaluated through a 10-fold stratified
cross-validation (CV) such that each fold is composed of approximately the same number
of patients associated with each diagnostic group. This CV procedure was repeated ten
times with different permutations of the training and test samples, in order to make the performance evaluation more robust and generalized. The metrics used for the performance
assessment were accuracy, precision, recall and area under the ROC curve (AUC). For the
comparison among ensemble combinations, statistically significant differences between
the performances of classification configurations were assessed through non-parametric
one-tailed Mann–Whitney U-test (MWU) [46]. Given F as the distribution function corresponding to population A and G as the distribution function corresponding to population
B, MWU tested the null hypothesis H0 : F (t) = G (t), for every t (i.e., X and Y random
variables have the same probability distribution) against the alternative hypothesis that
Y is larger (or smaller) than X [47]. In order to address the problem of multiple comparison, p-values were corrected for multiple testing using the Benjamini–Hockberg (BH)
procedure, summarized as follows: (1) Let H1 , H2 , . . . , HN be the sequence of the null
hypotheses to test with p1 , p2 , . . . , p N as the associated p-values. (2) Rank p-values such
that p(1) ≤ p(2) ≤ p(3) ≤ · · · ≤ p( N ) . (3) Given the level q∗ , find the largest k such that
p(k) ≤ k · q∗ /N. (4) Reject all the null hypotheses H ( j) with j = 1, 2, . . . , k. The theorem of
Benjamini–Hochberg states that the above procedure controls the false discovery rate with
level q∗ [48].
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4. Results
In this section, we outline the results of the experiment. Firstly, we discuss the effects
of ensemble learning in terms of performances on the original imbalanced dataset; then
we show the results for the balanced dataset obtained via instance hardness threshold
method. Finally, we discuss the outcomes of nonparametric statistical tests carried out
to compare the different configurations and to obtain an overview of the efficacy of the
ensemble approach.
The results associated with the imbalanced case (49 HC, 43 AD) are reported in
Figure 4. In panel (a), the performance average values are plotted as a function of the
possible configurations. Each point in the plot represents the average over the 100 estimates
of the performance metrics, obtained from the 10-times repeated, 10-fold stratified cross
validations. The best configuration, according to the overall metrics, is the configuration
3-3 corresponding to the ensemble E ( MFA , M MD , MRD ). In terms of accuracy, precision
and AUC, the singleton E ( MFA ) outperformed the other individual configurations 1-2, 1-3,
1-4 and all other ensembles that did not contain fractional anisotropy as a feature group.
On the other hand, in the case of recall, the ensemble strategy is crucial for enhancing
the performances: almost all the ensemble configurations outperformed the single feature
set configurations, and the best recall value was obtained for the most complex ensemble
E ( MFA , M MD , MRD , MLD ) (configuration 4-1). The performance comparisons among all
possible configurations were performed through a Mann–Whitney (MWU) test. The
outcomes of MWU tests, for each performance measure, are reported in Panel (b-c-de). Each square of the heatmap represents the one-tailed MWU test between samples
Y and X, where Y and X are given by 100 performance measures of the configurations
on the y-axis and x-axis, respectively. The null hypothesis is that X and Y have the
same probability distribution against the alternative hypothesis that Y is larger than X.
The colors of heatmaps are related to the p-values of the test ranging from 0 (red) to 1
(blue). Levels shown in the maps refer to p-values corrected for multiple testing using
the Benjamini–Hockberg procedure. Panel (b) shows that recall is generally enhanced by
ensemble learning approaches and that ensemble configuration with n groups of features
has higher sensitivity that those with n − 1 groups. This behavior occurs in the other
performance comparisons, with the exception that ensemble methods without fractional
anisotropy are not affected by significant improvement. Finally, in order to test whether
the balancing effects on the dataset can impact the performances of ensemble methods,
due to the instance hardness threshold procedure, we performed the same comparisons
of the imbalanced case on a fair ground of 43 diseased cases versus 43 healthy controls.
The results associated with the balanced case are reported in Figure 5. As expected, we
notice in panel (a) that the average performance values as a function of configurations
are generally shifted upwards. Indeed, as shown by Wei et al. in [49] the use of balanced
training data can provide the highest balanced performances in classifiers based on support
vector machines, neural networks and decision trees. Conversely, the balancing procedure
attenuates the ensemble effects in the enhancement of recall and predicting accuracy. From
panels (b-c-d-e), the ensemble E ( MFA , M MD ) emerges as the best configuration over all
performance measures, and all the methods that contain fractional anisotropy and mean
diffusivity outperformed the E ( MFA,MD,RD,LD ) method that concatenates all features in a
high-dimensional single vector.
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(a)

(b)

(c)

(d)

(e)

Figure 4. The case of an imbalanced dataset. (a) Average performance values for each configuration. (b–e) Heatmaps of
Mann–Whitney tests. Each square represents the p-value outcome of a one-tail Mann–Whitney test between a configuration
on the y-axis and the other on the x-axis. Each p-value in the heatmap was corrected for multiple tests using the Benjamini–
Hochberg procedure.
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(a)

(b)

(c)

(d)

(e)

Figure 5. The case of a balanced dataset. (a) Average performance values for each configuration. (b–e) Heatmaps of
Mann–Whitney tests. Each square represents the p-value outcome of a one-tail Mann–Whitney test between a configuration
on the y-axis and the other on the x-axis. Each p-value in a heatmap has been corrected for multiple tests using the
Benjamini–Hochberg procedure.
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5. Discussion and Conclusions
Computational systems aimed at the automatic classification of Alzheimer’s disease
patients through voxel-based diffusivity measures have been widely investigated but
mainly focused on the exploitation of individual learning methods. The authors of [18,50]
used anisotropy and diffusivity voxels values of WM main tracts as features for HC/MCI
discrimination with a single support vector machine, showing very high classification
performances. However, as pointed out in [28], the key shortcoming of these approaches is
given by a bias due to a non-nested feature selection method affecting the learning procedure. On the other hand, a recent study [30] based on an individual SVM classifier with
Fisher score feature selection has reported valid performances focusing only on anisotropy
measures of specific brain areas with well known AD-related connectivity abnormalities.
Consequently, the idea of this work is to circumvent the problem of restricting the procedure to a single classifier or to an a priori selected group of features by exploiting all the
information power of diffusion imaging techniques, through a computationally efficient
learning strategy based on combinations of several feature groups and different classifiers.
As a matter of fact, the simple concatenation of all feature groups (FA, MD, RD, LD) in
a single high-dimensional vector would not be convenient in terms of time complexity
and machinery efforts. Therefore, this approach addresses the problem of handling and
selecting variables in the conditions where the feature dimensions are much larger than
sample sizes typically available in medical classification tasks. In this framework, we
presented a novel approach based on an ensemble learning strategy which combines classifiers that take into account different perspectives of the microstructural white matter
integrity associated with each feature group. The work in [51] applied a similar ensemble
methodology, feeding an a priori specified classifier with different tractography network
measures describing specific aspects of brain connectivity.
We have investigated the validity of this ensemble learning procedure in the classification of HC vs. AD patients, in both cases of the original imbalanced dataset and a
balanced dataset obtained by the instance hardness threshold under-sampling method. In
particular, in the imbalanced case we found that all the ensemble combinations, including
FA invariants, outperformed the singletons E ( M MD ), E ( MRD ) and E ( MLD ), and also the
single vector containing all the feature groups. These results show the crucial contribution
of fractional anisotropy in the correct classification of diseased subjects. In fact, fractional
anisotropy, defined from diffusion tensor fitting as the degree of directionality of intravoxel
diffusivity, has a behavior heavily related to variations in fiber density, axonal diameter
and myelination in white matter in the presence of the onset of neurodegenerative diseases.
According to Pierpaoli et al. [52], a hallmark of damage in white matter is the generalized
loss of fiber tract integrity. Interestingly, further studies have shown that FA-associated
voxel values have been able to uncover voxel microstructural alterations in the brains
of AD patients at early stages too [18,28,53,54]. Moreover, while for AUC, accuracy and
precision, the ensemble method did not significantly improve the performances of the
single FA, the ensemble strategy was crucial for enhancing the recall of the classification
framework. Furthermore, it is worth mentioning that, in terms of accuracy and sensitivity,
the use of ensembles of classifiers associated with the diffusion measures not only turned
out to be better than considering all measures concatenated in a single feature vector, but
also provided higher performances as the combinations’ dimensions increased. In the
balanced scenario, mean diffusivity emerged as the second most informative measure
for pathology discrimination. This evidence is supported by the fact that MD represents
the overall mean squared displacement of molecules in the non-collinear directions of
free diffusion. Consequently, a variation of mean diffusivity is a signal of an increase
in free water diffusion and in turn of a loss of anisotropy of molecular mobility [52]. In
literature there is evidence supporting the hypothesis that the microstructural alterations
in molecular diffusivity along white matter fiber bundles, described by MD, may be of
higher predictive value compared to FA microstructural changes [55,56]. In the balanced
case, the effects on the improvement of accuracy and recall of the ensemble procedure were
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attenuated. However, ensemble combinations that included FA and MD performed better
than other variable sets considered individually and than the feature vector concatenating
all groups together.
Based on results emerging in the present analysis, we can conclude that our ensemble classification framework, based on DTI features, is effective to improve HC/AD
classification performances, and that ensembles including FA and MD are the best performing, confirming their role in the literature as most effective DTI measures for AD
detection [57–60]. Moreover, although artificial data balancing attenuates the benefits of
ensemble learning, the ensemble-based strategy generates significant improvements in
the classification sensitivity and accuracy with respect to the general concatenation of
all features into a high-dimensional vector. For this reason, the feature selection phase
in similar classification tasks can take advantage of this kind of strategy, allowing one
to exploit as much information as possible, but at the same time reducing the dimensionality of the feature space, and in turn the computational effort. Hence, the ensemble
learning can be a promising approach to combining different types of features derived for
DTI data, extending the application to DTI tractography network measures and diffusion
voxel-based features.
Future advancements of the present work will consider firstly an extension of dataset
size in order to ensure more robust procedures of algorithms calibration and validation. In
this scenario, one would be enabled to analyze feature selection methods together with
several families of classifiers in more extensive ensemble strategies. Indeed, the possibility
of comparisons on a wider base between pairs of feature selectors and classifiers could lead
to the identification of efficient methods for discriminating between diseased cases and
healthy controls (for a thorough review of this kind of approach, see the large comparative
study performed by Parmar et al. in [61]). Moreover, the availability of a larger number
of observations would allow the application of state-of-the-art deep learning methods
that could give important contributions in the uncovering of signatures and biomarkers
of neurodegenerative disorders for highlighting hidden patterns. The key advantage of
deep learning architectures with respect to standard learning approaches is given by the
evidence that high values of classification performance can be optimally achieved without
feature selection steps that are embedded in the process, yielding more computationally
efficient frameworks (for an application of deep convolutional neural networks to MRI
data, see the work of Basaia et al. in [62], and for a review of deep learning methods
and applications in neuroimaging data in psychiatric and neurologica disorders, see [63]).
Future investigations may also take into account not only diffusion-derived features, but
also additional variables, such as clinical information, morphological measures and other
features related to different image processing modalities and methodologies, such as
functional and anatomical magnetic resonance imaging. As a matter of fact, a diversified
plethora of biological information generated by different diagnostic modalities can provide
not only a holistic view of the pathological condition, but can be exploited in the pre-clinical
stage for the early detection of dementia precursors in presymptomatic conditions [64–66].
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