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Y, RIEAL
Abstract: Recently, efforts hae been made to combine complementary perspectives in the assesEAlzheimer type dementia. Of
particular interest is the definition of the fingerprints of an early sibtiee disease known as Mild Cognitive Impairment or prodroma
Alzheimer’s Disease. Machine learning approaches have been shown to be extremelylesiidathe implementation of such a
combination. In the present pilot study we combinednthehine learning approach with structural magnetic resonance imaging and
cognitive test assessments to classify a small cohort of 11 hpaltigipants and1 patients experiencing Mild Cognitive Impairment
Cognitive assessment included a battery of standardized tests aaitbrg bf experimental visuospatial memory tests. Correct
classification was achieved 100% of the participants, suggesting that the combinationunbimeaging with more complex cognitive
testsis suitable for early detection of Alzheimer Diseaseparticular, the results highlighted the importance of the expetanen
visuospatial memory test battery in the efficiency of classificasoggesting that the high-level brain computational framework
underpinning the participantperformance in these ecological tests may represénataral filte?” in the exploration of cognitive
patterns of information able to identify early signs of the disease

Keywords: Visuospatial Memory, Spatial Abilities, Support Vector Machine,gMgic Resonance Imaging, Mild Cognitive
Impairment, Classification.

1. INTRODUCTION domains (multiple amnestic MCI). Of those without any
memory loss, some patients have deficits only in one domain
(single non-amnestic MCI), such as visuospatial abilities,
Recent pharmaceutical trials have demonstrated that slowingxecutive functions, praxis or language, whereas others have
or reversing pathology in Alzheimer's disease (AD) is likely deficits in several domains, excluding memory (multiple non-
to be possible only in the earliest stages of disease, perhaggnnestic MCI) [5].

even before S|gn|f|cant_ symptoms develop . [IThe . _Some studies have investigated the influence of normal and
development and use of diagnostic tools fqr_the early de.teCt'OBathological ageing on visuospatial performance showing an
9 Gnd earlier in pathological conditions such as AD or Dementia

gf}fa”gefx tnc;th too expelnsi\{[e andf :BOfUId also ble ab_le t\(R/ith Lewy Bodies [6-8] These patients frequently have
Ierentiate the very early stage o rom normal ageéing. e\ ities with spatial orientation in everyday life and may

A ang-stand|ng literature has addressed the question of th il to find their way in unfamiliar environments when facing
deficits can be taken as early predictors of AD. entirely new spatial settings [9]

1.1. Alzheimer’s disease and Mild Cognitive Impairment

AD is the most frequent cause of dementia. Cognitive
impairments commonly begin with difficulties in
remembering recent events as well as semantic memorgpatial ability is defined as the skill in representing,
impairments [2]. Although visuospatial deficits have also transforming, generating, and recalling symbolic,
been described in Mild Cognitive Impairment (MCI), that nonlinguistic information [10]. It is not considered a unitary
may represent the prodromal phase of AD, this multi-facetedunction, and, in fact, the plural spatial abilities— is
domain of cognition is not extensively assessed and fullyfrequently used. Spatial abilities include a wide range of
investigated in clinical practidg]. processes and components, such as spatial perception,
visualization and mental rotation [10,11], and these skills are
essential in spatial navigation, even if the two functions can
be considered as partially distinct [12,1Spatial navigation

1.2. Visuospatial abilities

The term MCI was proposdaly Petersen and colleague
to define a nosologat entity referring to elderly persons with
mild cognitive deficits without dementia. MCIl encompasses is the ability to find and follow a route from one place to

patients with and without memory impairment. Of those with another [14] and relies onto two different, egocentric and

E}Ineiirgi‘t)rysilr?slsé nggir??rinneqstrizoa C':“R’/?;{QZQ; %Sthz]ri'rh%r\]/lgalIocentric, strategies, respectively related to distinct spatial
. ; (sing ) . .- “representations. The egocentric strategy is based on route
impairments of memory plus changes in other cognitive

spatial representation, a bodgatered representation, where |

XXX -XXX/14 $58.00+.00 © 2014 Bentham Science Publishers
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the position of landmarks is encoded with respect to theraditionally considered the earliest and most severe deficits
position of the subject; the allocentric strategy is associated29]. Visuospatial deficits, even in the early stages of AD,
with a survey, world-cantered representation, where locationfiave long been recognized but have not been extensively
and distances among landmarks are encoded and maintainstudied [30].

independently of the position of the subject. Different corticalAD causes circumscribed atrophy in distinct neural networks
areas serve the execution of spatial tasks and spati d thev i Vi il Fl))IXt/ in diff t Th '
navigation [15] In particular it seems that different memory and they impact visuospatial abiiies in difierent ways. 1hese
systems are involved in small and large scale environmenteﬁecj{s.deperlol on topographic patterns of brain pathology,

and it is, therefore, important to use anatomically-specific

[16,17], in object locations and navigational mematg] [ . . o : .
map learning and navigationd], and in navigation using Ei]thods for diagnosis and for monitoring disease progression

allocentric or egocentric strategie20]. A recent meta-
analysis 1] showed an age related decrease in thel.3. Searching for Biomarkers: magnetic resonance
performance on standardized test of spatial perception, spatighaging

visualization and mental rotation. Spatial navigation is .
subjected to a decrement with ageing, particularly whert present, several types of biomarkers have been found to be

allocentric strategies are requiredZ] and in unfamiliar sufficiently sensitive to discriminate the MCI status from

contexts 23]. The decrement is more severe in pathological "0Mal ageing, including brain atrophy measured using
ageing, and topographical disorientation is described as one df@gnetic resonance imaging (MRI) [32jypometabolism
the distinctive signs of AD [9]. Moreover, several authors Meéasured by FDG-PET imaging [33jnd quantification of
consider spatial navigation and spatial ability deficits as firstSPeCific proteins measured in the cerebrospinal fluid [34].
signs of incipient AD in MCI patient,20]. MRI is considered a promising technique for obtaining new

The assessment of spatial and navigation abilities is also gasible biomarkers. The most popular method to analyse
valid tool for discriminating between healthy ageing and MCI Structural MRI data is voxel based morphometry (VBM) [35]
individuals. Mitolo et al (2013) [3] administered a battery of in which statistical significance in between-group analyses is

spatial tasks to a group of MCI patients and a group of health§SSessed voxel by voxel on the maps derived from the
controls and they found that the discriminative power of theComparison of high resolution structural T1-weighted (T1w)
spatial tasks in identifying MCI was high and superior in 'Mages. A blg effolrt in the direction of deriving relevant
comparison to the other neuropsychological tests frequentipiructural diagnostic features based on state of the art
used in clinical settings, including the Stroop test, WisconsinStructural MRI acquisitions is represented by the Alzheimer’s

card sorting test, and category fluency test. Moreover, thg2iS€ase ______Neuroimaging Initiative ~ (ADNI,
same authors found distinct patterns of significant correltionlti2://adni.loni.usc.edu The ADNI data repository includes

between grey matter volume and performance on spatial testd9" resolution Tiw images collected from 400 subjects
in the MCI group and in the healthy contfa]. experiencing MCI. Based on these data, numerous studies

have identified regional grey matter atrophy patterns
Overall, the picture described so far highlights the importanceassociated with MCI and AD, by computing morphological
of adding spatial tests to neuropsychological batteries, and ghdicesasmodulated grey matter (modGM) [36] and cortical
identifying reliable tools for assessing spatial and navigationthickness [37]. Nevertheless the translational shift from group
ability in clinical settings. In this context Mitolo et al. (2015) studies to single subject approach remairstill

[24] have devised a battery of spatial tests and questionnairasnaccomplished.

designed to assess spatial ability in normal and pathological . .

ageing. The battery is suitable for use in clinical settings and!4- The machine leaming approach

comprised tests for the assessment of three different abilitieRecently, in the search for operative biomarkers, the analysis
within the spatial domain: route learning, map learning andof MRI data has benefitted from machine learning based
objects location. Further, it includes self-report scales,techniques [38+1]. If the first approach is mainly focused
designed to obtain measures of navigation abilities, as thefinding group differences, and to explain them, the second one
appear in every-day life, with questionnaires evaluating sensgs much more focused on single subject assessment
of direction, spatial anxiety, self-efficacy, and attitude toward (classification). For a comprehensive review about the single
spatial tasks. So far, several studies have shown thadupject approach, benefits and pitfalls, see [42]. Differently
subjective measures of spatial efficiency are reliablefrom univariate methodologies like VBM, machine learning
indicators of actual performance in navigation and orientingapproaches are based on multivariate analysis of data. The
task P5-28]. The battery, administered to a sample of 90 rational of a machine learning approach is to search for
healthy aged participants, appeared to have good interngdatterns of similarities/dissimilarities contained in the entire
reliability, and, as expected, to tap different abilities within the data set (e.g. the whole modGM map or the entire cognitive
spatial domain. Furthermore, significant correlations weretest scores set) of subjects classified as belonging to
found between the spatial tests and the questionnairesamefdifferent groups (e.g. HC subjects and patients suffering
suggesting a relationship between the abilities measured bitom MCI). Once the pattern is “learned” by the “machine”,

the spatial tests and spatial performance in every-day lifehe result is generalised to predict which group a new
(Mitolo et al. 2015) 24]. unidentified subject belong®. In 2014-15 the computer-

A long-standing literature has addressed the question of whagided diagnosis _of dementia_challenge (CADDementia
deficits can be taken as early predictors of AD. So far, thehallenge; Lhttp://caddementia.grand-challengejorgtook

greatest attention has been paid to verbally-mediated memorglace, in which the performance of 29 newly developed
disorders, specifically episodic and semantic memory that ar&/'90rithms vascompared. The comparison was implemented
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on a structural MRI dataset composed of Tiw volumesworkers at CNRS/Universitele Technologie de Compie’gne
acquired in more than 300 subjects. The goal was to classif§France) 50].

subjects in three possible groups, healthy volunteers, patients

with MCI and patients with AD. The best results, allowing

63% correct classification [43]were still far from the 1.6. Aims

identification of a golden standard algorithm, but the

challenge clearly evidenced that the best performance waSiven the evidence reported in previous studie&4p in the
obtained by combining different types of features. present study we aimed to combine the data derived from the

neuropsychological tests battery with those derived from
structural MRI, to verify their discriminant power in
identifying MCI patients. We expected that the combination
of behavioural and MRI data would have more discriminant
In this study we combine the visuospatial ecological taskspower than individual measures alone, and that the more
described in Mitolo et al [24], standard cognitive tests and complex experimental visuospatial tests would be better
MRI derived modGM to test the accuracy of prediction of classifiers than standard cognitive measures

MCI diagnosis by using a machine learning approach based

f *Address correspondence to this author at the Departofidiguroscience of
on support vector machine (SVM)[4€VM has been shown arma University, Via Volturno 39/E, 43100, Parma (ARJy; Tel/Fax:

to be a feasible method to analyze large feature small samplgsg_g521-903963; E-mdffabrizio.fasano@nemo.uniplit
data sets [45]. In fact a standard modGM map contains a

number of voxels (features) of the order of 100.000 while a

classical MRI clinical study only includes few tens of 2- MATERIALS AND METHOD

subjects. To find the solution to the learning problem the SVM» 1 Participants

approach associates a mathematical entity called Kernel to the . ]

whole data set (features set) (See Supplementary Materials féfleven patients with MCI (73 £ 6 years, 5 females, 6 males)

more details on SVM). and eleven healthy control (HC) participants (68 * 5 years, 7
L i . females, 4 males) were included in this study (see Table 1).

Although in principle machine learning methods allow better 5| participants had a complete neuropsychological

accuracy in classification than univariate methods, differentlyygsessment using standardised tf8ftsThe MCI patients

from univariate methods they miss in the identification of yere diagnosed according to Petersen’s criteria [51], which

those regions/voxels responsible for ‘the classificationinciude: subjective or proxy cognitive complaint; objective

performance. In fact their principal goal not to analyse = impajrment in memory and/or in other cognitive domains;

statistical differences between single regions/voxels but tQg|atively intact functional ability. ThelC group scored in
recognise the existence of some patterns, not necessarifye normal range on all tasks.

exploring within them. Among the methods proposed to ) _ )
overcome this limitation a new one makes use of the so-calle#n detail the MCI patients were all of the amnestic type: 5
Multi Kernel Learning (MKL) approach [46&n extension of ~ patients were amnestic single-domain and 6 patients were
the single Kernel approach (see Supplementary Materialspmnestic multidomairHC participants were in good general
The MKL approach intrinsically offers the opportunity to Physical and cognitive health and had a Mini Mental State
refine the results by questioning the relevance/irrelevance oEvaluation (MMSE) [52] score higher than 27. Participants
different feature subsets. The whole features set is divided itvith neurological or mood disorders were excluded.

different subsets, and a different Kernel is associated to eacy, participants were also assessed with a battery of

subset. This can be useful to include, in the same optimisatiop,yerimental visuospatial memory tasks, self-rating spatial
problem, features of different nature (for example, as in they estionnaires. and high resolution 3D MRI Tlw brain
case of the present study, neuroimaging data and cognitive te, Eanning '

X .

scores). The method can be also useful to select the mos
important subsets by assigning relative weights to the Kerneld he study was approved by the local ethics committee, and all
associated with each subset. The algorithm can be forced tearticipants provided written informed consent before study
assign a zero weight to irrelevant Kernels (oaetain only a  initiation.

small portion of feature subsets).

1.5. Support vector machine and multi kernel learning.

2.2. Cognitive assessment

The last potentiality was used in this study in order to reducr—.:AII participants underwent a battery of standardised

the subset of features among the whole set we analysed and @, ,.qnsychological tests and a battery of new experimental

try to determine the driving feature sets in the predictioniagts a5 described in two previous studie243, The

performance. standardised neuropsychological battery included the
following tests: Mini Mental State Examination (MMSE); 1Q

In the present study the PRoNTo software [47-49] was use&intellligence quotient) tests: Raven’s Coloured Progressive

to implement the SVM MKL approach. PRoNTo is a user Matrices, TIB (Test di intelligenza breve), Vocabulary test

friendly tool recently developed at University College of (WAIS sub-test); verbal memory tests: Prose Memory Test,
London which allows MKL analysis in addition to standard R€y Auditory Verbal Learning Test, Verbal semantic

classification  optimization  procedures. The MKL e€ncoding and recognition, Digit Span forward; language tests:
implementation in PRoONTO is grounded on the SimpleMKL Boston Naming Test, Verbal Associative Fluency Test,

algorithm developed by Alain Rakotomamonjy and co- Category Words Fluency Test; executive function tests:
Stroop test, Wisconsin Card Sorting Test (WCST), Tower of
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London, Dual task, Multiple feature target cancellation, Digit pharmacy, school, cinema, hospital, bakery, park, bar and
Span backward; visuospatial and visual perception tests: Corslairy. Immediately after being exposed to the map for 5 min,
Block Tapping test, Rey Osterrieth Complex Figure, participants have to write the names of the landmarks in the
Visuospatial supra span, Visual Object and Space Perceptionght position on a blank map. The learning phase (and
battery (VOSP), Mental Rotation test. subsequent recall and localisation phase) is repeated, and we
calculated the number of landmarks recalled and located in the

The experimental  battery included ~object location right position after the first and second learning stial

recognition, map learning and route learning, self-
administered questionnaires evaluating sense of directior?.2.3. Route learning task
attitude toward environment orientation tasks, spatial
orientation anxiety and self-efficacy toward environment
orientation tasksA total of 38 scores were recorded for each
participant from the standardised test battery, and a totdl of
scores from the experimental gA@ objective test scores and
4 self-evaluatie test scores (see Table 1 for the experimenta
test battery scorgs

This task assesses memory for routes. Similar to the procedure
used in a previous workLY], this task involves memorising
routes within a matrix of 25 squares (5 X 5) located on the
floor; each square is 15 X 15 cm, and the distance between the
[Squares is 30 cm. The task is divided into three sub-tests, and,
for each one, participants have to remember increasingly
longerroutes. In the first sub-test (route learning from action),
2.2.1. Object locationtask the participant first learns the routes by stepping on the
. . o ._sequence of squares with the examiner and is asked to repeat
This task assesses object recognition, recall and locatiof -, "\, te immediately afterwards. In the second sub-test
skills. It is divided into two sub-tests that involve recognising (route learning from vision), the participant is asked to watch

:ggﬁu'ggoﬁndsulﬁggpg Z?trirc]:ie ;nt;JSeC;Sremsl?OVBInCtusri)e(. (')g.ézgwhile the examiner covers a route and to repeat it immediately
9 St, particip 1€C fterwards. In the third sub-test (route learning from a map),
(elephant, lamp, slipper, guitar, bottle and hat) and asked t

memorise them. Then. for each obiect. participants are aske articipants learn each route on a map and then reproduce it
. : ' Ject, p P n the matrix. Each sub-test begins with a route of just two
to recognise the target among three options. The total numbezr

of items correctly recognised is recorded. The second sub-tes egments, and then the routes become gradually longer
S y 9 . . ' . including three segments, four segments, and so on). For our
which is assumed to require spatial memory for locations

involves memorising a picture (42 cm X 30 ¢m) of a room’study, two sequences were used for each length, and the test
containing twelve og'ectps (table, cat, chessboard, guitar, etc ame to an end when a participant was unable to reproduce

Ing J Y d9 ' ~"hoth sequences of the same length. The longest route that a
for 1 min, then recalling all the objects and locating them in

picture of an empty room immediately afterwards, by writin aparticipant reproduced correctly in at least one of the two trials

g R
the name of the object in its location. The resulting score’'a® taken as the score for each sub-test.

corresponds to the number of objects recalled and correctly
located.

2.2.2. Map learning task

This task was developed to assess the respondent’s ability to
memorise a map. It involves remembering the names and
locations of eight landmarks on a map (21 cm X 30 cm), i.e.,

Table 1. Demographic data, mean (and standard deviation) spatial scores in HC antbi3l @he Spatial
Questionnaires and Visuospatial tests scores are indicated respecti@lSdst-self evaluativeand
“CTS14-objectivé in the article.

HC MCI
Mean SD) Mean SD)

Demographic data
Age (years) 68 (5) 73 (6)
Education (years, 9 (5) 8 (3
MMSE 30 (1) 26 (3)
Spatial questionnaires
Spatial Anxiety Scale 14 (4) 16 (5)
Spatial Attitude Scale 22 (4) 18 (4)
Self-Efficacy Scale 18 (5) 13 (3)
Sense of Direction Scal 55 (8) 43 (12)
Visuospatial tests
Objects recognition 5 (1) 3
Objectsrecall 10 (1) 6 (3
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Objects location 11 (1) 7 3
Maprecalll 7 (1) 3 (2
Map location1 6 (1) 2 D
Maprecall2 8 (1) 4 (2)
Map location2 8 (1) 3 3
Learning from action 5 (1) 4 (1)
Learning fromvision 6 (1) 4 (1)
Learning frommap 6 (1) 4 (1)
2.3 MRI the classification procedures. A way to overcome the problem

2.3.1. Acquisition of nuisance variables (e.g. age) in multivariate procedures is
B to perform a prior general linear model (GLM) analysis t
All participants underwent the same MRI protocol on a 3 compute the nuisance variable effect, and then to correct the
Tesla General Electric MR750 scanner, equipped with 8-original features by applying the final classification analysis

channel phased array receiver head coil. The protocoto the GLM corrected features [56jollowing this procedure,
included an Inversion Recovery Prepared Fast Spoiledve corrected for age effect the modGM maps and the
Gradient Recall 3D high resolution T1w sequence (0.9 x 0.%cognitive tests scores. More details are provided in
x 0.9 mm, TR/TE = 9.7/4 ms). Supplementary Materials.

2.3.2. Modulated grey matter maps The results obtained with the corrected data were very similar

to the ones obtained without correction (see Supplementary

For each subject the original (subject native space) TlWyaterials), suggesting that the small group difference in age
images were skull stripped and segmented to obtain tlye gre, 4 g significant influencen the results. In the following

matter (GM) maps in native space (nsGM). The skull strippedgg tions we report the results obtained by using as source data
Tlw images were diffeomorphically registered to a templateg, ¢ analysis (features) the original (uncorrected) .data
previously created in our laboratory from 10 healthy \eyertheless, in Table 2 the prediction accuracy of GLM age

volunteers (5 females and 5 males) and 10 age and gendef e ted data for the whole feature set is also reported
matched patients with MCBJ]. The resulting template space

T1lw images were in turn segmented to obtain the templat
spaceGM maps, and the last ones were averaged to obtain
study population GM template. The diffeomorphic
registration between the nsGM and the study population GM2.5.1. The features

template were computed and applied to the (weakly.
smoothed, 1mm full width half maxim)mnsGM images, The 38 test scores (CTS38) of the standard batterjAttest

. ‘s . scores (CTS14) of the visuospatial battery and the 77715
g?gzgé?lﬁ;orrnz?)ChF%?rgggﬁ négrstigg/la:]? E[%r;rz)lgitgngffytrr?ea ttermodGM valuesn the voxels included in the regions selected

diffeomorphic transformation was multiplied for the GM to for Fhe_study A“?‘S were used as mput_features In a
template probability map and logarithmic scaled obtaining themuIt'\/."’""”?te anaIyS|s. to assess the classification power of the
modGM ma. All modGM maps were under-sampled from combination of cognitive tests and structural MRI.

the original 0.9 x 0.9 x 0.9 mhto 2 x 2 x 2 mrh 2.5.2. Multi-kemel leaming classification procedure

2.3.3. Regions of interest An L2-regularized L1-loss SVM MKL approhd50] was

On the population template 81 regions of interest were2PPlied, as implemented in the PRONTO software [47449]
extracted by applying FreeSurfer soIv_lng the MKL optimization pr(_)blem, one linear kernel was
{(http://surfer.nmr.mgh.harvard.ediu/ [54,55] automated gs&gned to each bral_n region in the Atlas (81 kernels), one
parcellation procedure and a study Atlas was created bl_near kerne| was ass_lgned to the standard test batt(_ary, one
labelling the region of interests with integers values ranging|near kernel was assigned to the self-evaluation spatial tests

_ : : nd one linear kernel was assigned to the objective
1-81 (see Figure 1 and Supplementary Materials for IabeFt'suospatial testdor a total of 84 kernels (see Supplementary

names and voxel counts for each region). A study mas Iaterials A leave-one-out cross validation was used to
including all the regions was also created. The study Atlas an . 7" oo v
etermine the accuracy of classification, and a nested 5-fold

the study mask were under-sampled to 2 x 2 x 2 tnrmatch - : X
the modGM maps. cross valldatlon was used to ch_oose the_ optimal soft-margin
parameter in SVM (by exponential spanning [0.11a]). We
2.4. Age effect correction implemented a Matlab (The MathWorks Inc., Natick, MA,
2000) home made script to integrate the cognitive tests results
with the neuroimaging (modGM) ones in the PRoNTo
framework. Due to the high variability of features among
brain regions and the reduced number of features in the
cognitive tests, kernels were normalized. The significance

3 5. Multivariate analysis

Age was found to be significantly different between the two
groups (6815y for the MCI group and 73+6y for th

group, p=0.019). Differently from univariate approaches,
multivariate analysis does not allow covariates integration in
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level of classification accuracy was assessed by permutatioB.2. Feature sets contribution results

tests (1000 repetitions), with significance threshold set atl'he MKL ranking procedure clearly identified a group of 10

p=0.01. scores of the objective visuospatial memory tests (CTS14
2.5.3 Best Kemels selection objective) as the driving feature set for classification, with the
associated Kernel contributing for the 63,62% to the model
D : : prediction. The other regions found to have non zero weight
approach mtnnspally offers the opportunity to refine the associated Kernel were: left pars opercularis (12,27%), right
results by questioning 'the relevance/lrre!evandeeach . __entorhinal cortex (8,73%), left pericalcarine (8,14%), Brain

feature set, i.e. by optimizing the Kernel weights and forcinggio (3 970%), left Nucleus Pallidum (1,32%), right Putamen
(Ll—Ioss).the assignation of zero weights to irrelevant Kernels 0 57%)’ right’AmygdaIa (0,57%), right I’3utarr,1en (0.56), right

We applied this analysis to extract the relevant features se éudaté Nucleus (0’29%5’ rigr;t Thalamus (0,15')%),’ right

(i.e. brain regions and/or cognitive test sets) from the Wh0|ecaudal middle frontal cortex (0,13%), right Accumbens area

As discussed in the introduction, the PRoNTo software MKL

features set. (0,09%), left pars orbitalis (0,07%), CTS14 self-evaluative

) (0,04%), left transverse temporal cortex (0,04%). See Figure
3. RESULTS AND DISCUSSIONS: 1. The contribution, the exponential rankings and feature set
3.1. Evaluation of prediction accuracy size (number of features) of each region/cognitive test set are

L L reported in the Supplementary Materials.
Preliminarily, nested 5-fold cross validation revealed that the

best soft-margin parameteras 1. Classification accuracy of As already suggested by the classification accuracies results
the whole features set (including modGM in the 81 brainobtained by combining different feature sets (see previous
regions and the whole battery of cognitive tests CTS14 andaragraph and Table 2), the visuospatial tests apgear
CTS39 was found to b&00% (sensitivity = specificity = 1). ~ clearly drive the performance of the classifier. See Discussion
For all the tests the prediction accuracy estimation, ador a more detailed analysis of the implications of the results
determined by the permutation test, was found to beand for an interpretation which highlights the technical
significant at p=0.01 level (Table 2, first raw)The approach benefits and pitfalls, and the necessary interpretative
classification scores obtained with the exclusion of the38TS caution given the small size cohort of participants.

was still found to be 100%. On the contrary the exclusion of

CTS14 or of modGM scores worsened the accuracy. See

Table 2 for more details. The results imply that the CTS14

scores were determinant to improve the classification

accuracy.

Table 2. For different combinations of feature sub-sets, the weight (%) dé#tare sub-set in the prediction, the accuracy of
prediction, true positives (TP), true negatives (TN), false positives drP)false negatives (FN) as well as sensitivity and
specificity are reported. The estimation of balanced significance ofeéldefion score as assessed by the permutatiois gdsb
reported (BA p-value). Where for a given combination of featubesets one sub-set is absent, a dash sign (-) is reportexd in t
table. Bold is used to highlight the weight of the most contributiverfieatt. The GLM age corrected data results for the whole
feature set are also reported.

modGM CTS38 CTS14 TP TN FP FN sensitivity  specificity ~ BA p-value
objective self eval.

Original data
36,34% 0% 63,62% 0,04% 11 11 0 0 1,00 1,00 0.001
100,00% - - - 9 11 2 0 1,00 0,85 0.006
- 059% 99,35% 0,06% 11 9 0 2 0,85 1,00 0,001
71,48% 28,52% - - 9 10 2 1 0,90 0,83 0.001
36,67% - 63,30% 0,03% 11 11 0 0 1,00 1,00 0.001
GLM age corrected data
33,69% 1,03% 65,27% 0,01% 10 10 1 1 0.91 0.91 0.004

3.3. Discussion
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In the Introduction an important concept related to the use ofame patterns of information [49]his latter isawell-known
machine learning approaches in th#éndividual level issue in machine learning neuroscientific applications
assessment challerigehas been extensively highlighted:
when applied to multimodal investigations, multivariate
analysis causes a paradigm shift from “using multiple
modalitiesto interpret individual specific differences between
two classes” (e.g. different regional grey matter density in
patients and HC participants) to “using multiple modalities to

A more in-depth analysisn these issues, as allowed by the
Kernels method and described with more technical details in
Supplementary Materials, supports the idea that the exclusion
of those areas from the set of the best performing classifiers
may be related to high inter-folds variability (probably due in

identify the presence of patterns able to differentiate the twd?@'t t the small data sample) and/or to the correlation of the
classes”. It is important to restate here that, due to this reason|m‘ormat|on that they contain with the information contained

; ; ; i ther areas (among the best performing ones, e.g. right
the new paradigm may determine a loss of interpretability 01‘1n 0 ; . .
results, althought may allow, in principle, gains in sensitivity Amygdala, r.'ght Ca“d"%“e Nucleus, ”gh.t Putamsn and right
and specificity. Thalamus, right enthorinal cesf). Most likely the “CTS14

objective” sub-set of features itself might also share the same
This pilot study confirmed tlse expectations. The results, pattern of information of some excluded are@dsnotinga

while obtained in a small cohort of participants, suggest thatorrelation between visuospatial test performance and atrophy
performance scoref objective visuospatial memory tests in some brain regiong3]. This last hypothesis is also
and the regional values of modGM (an index assessiMlg  supported by the results obtained on the true brain regions
integrity) may contain patterns of information which, addedonly (i.e. by excluding CT84 from analysis). In fact in that

to the structural information provided by MR, allabetter case most of those areas that were found to have zero weights
classification between the early stages of cognitive declinevhen GM areas were analysed in combination with the
and healthy ageing than standard cognitive tests visuospatial tests gain nonzero weights (see Figure 1 and

Looking at Table 2 we can see that the single modalitiesSljpplementary Materials).

contributed differently in sensitivity and specificity when One obvious question which needs addressing is why
taken individually. When used together their combination visuospatial objective test scores have such high classificatory
resulted in increased classification performance. Thus thg@ower in this sample. In addition to their possible high
present results support the use of the combination of propesensitivity to early subtle visuospatial breakdown due to the
cognitive explorations an@M integrity features to detect the insidious brain region specific effects of AD, it is possible that
early stages of abnormal cognitive decliheparticular the  these tests might have higher sensitivity to subtle cognitive
present investigation suggested the specific advantage thalecline because of their potential load on other cognitive
may be offered to the classification procedure by adding abilities. These tests, due to their ecological value and their
“complex objective measure” as the one represented by the complexity, may require the involvement of concurrent
visuospatial abilities to the feature set. abilities (e.g. executive functions, memory, perception,

L . . semantic processing) as well as spatial orientation. We
In the current study estimation of Kernel weights in a MKL suggest that this multi-componential involvement would

approach was suggested as a way to overcome the 'nmns}ﬁake them more sensitive to the breakdown of function of

lack of interpretability of any encoding method results ; : :
[42,57,58], and to try to rank the contribution of the single mulhple brain networks even in a heterogeneous sample of

scores set used in the study (brain regions assessed by M fferent MCI phenotypes. In this case, these tests would not
" y (orain reg p y Lerate, therefore, as a specific biomarker of AD, but rather
and cognitive tests). A clear indication of the driving role of

visuospatial memory tests is shown by such analysis. In fac s a marker of a diseased braldn the other hand, it is also
their contributionto the classification power is always h.igher qually possible that their high sensitivity may reflect specific

than that of MRI and standard cognitive tests feature sets. Thiggiilé%ovg;s tlr? e fr%r;ti(é;gﬁgetrilg%r;& dgfniligag]horggn? e(t)vaozg
is clearly depicted by the results in Table 2 and Figure 1 . : . . .
especially looking at the third row of Table 2, showing the pathology over a long period of time. Finally, in relation to the

classification accuracy of the sub-sets combination includin machine learning procedure adopted in this investigation, we

S e gmight argue that visuospatial tests may have repredent
only CTS38, CTS14 objective and CTS14 self-evaluative (I'e'rgood natural “feature selection filter”. In fact, the very first

excluding MRI data). The results are in accordance with ouf 1t feature selection occurs in the feature choice phase.
expectations and with the findings reported by Mitolo et aI‘The extensive neuropsychological clinical experience

(2013). It is also important to recognise that seh‘—evaluatlverounding the tests definition may be seen as a complex

visuospatial test scores (possibly biasedphyients’ poor o5\ qical ohservation-based learning procedure, able to

awareness of their impaired abilities) were not as effective a%elect those tests best suited to evaluate the high-level brain
objective measures in driving the process of classification computational framework underpinning the participant

For MRI, the analysis of Kernel weights reveals a picture ofdisease.

brain regions that is only partially in agreement WithI

expectations based on previous knowledge from studies on the present article we reported the results obtained with age
MCI converters vs healthy subjects [69 This is most uncorrected data. While in principle the correction procedure

; . O may help to exclude the age related differences from being
likely due to the high variability of results through the ;n0y,4ed together with the pathology related ones, the GLM
different cross validation folds (see following discussion and

. . based correction procedure is quite invasive and may
Supplementary Material on SVM for more detail),the 40 ce errors, especially for those features in which there
small cohort of participants and to the overshadowing of som

. : - s not a strong correlation between data and age. For that
Kemels (regions) by others Kernels (regions) containing thereason we decided to report the results based on original data
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in the main body of this article and interested reader ardew subjects may causedramatic percentage change of the
referred to the supplementary material for the analyses oéstimated predictivity. We should also account for that when
corrected data. Nevertheless we are aware of the limitatioin the classification procedure we compare the results
inherent in the use of unbalanced data. In fact, for thosebtained by considering only one modality (i.e. modGM or
variables in which the unbalancing is not peculiar to the truecognitive tests alone, see Tab)aath the results obtained by
nature of the phenomenon under investigation (i.e. if we arencluding both modalities (modGM plus cognitive tests).

not interested to include them in the prediction/classification

procedure), the best approach would be to have a balancadONCLUSION

dataset. Anyway, being the age corrected and age uncorrecte% . . .

results very similar we can be quite confident that age didn’t The present pilot study appllgq a combined aPproaCh ,Of
play an important role in determining the good performanceneuroimaging, standard cognitive test and visuospatial

of the machine learning algorithm classification power, atcodnitive test assessment to a small cohort of patient
least in this case. experiencing MCI and EC participant group. To investigate

the classification power of the combined assessments we used
It has to be remarked here, that the two groups of participantgn SVM approach based on an MKL algorithm recently
could in principle be discriminated by standard group analysisntegrated in the PRoNTo software. The classification
procedures, as for example by the MMSE score (see Table 1hrocedure was found to be generalisalvléh a very high
Nevertheless, the aim of the machine learning procedur%recision (100%) highlighting the superior performance of
adopted in the study was to shift from the group level to theihe feature mixture of a variety of features in identifying
single-subject level analysis. As shown in Table 2, thepatterns that differentiate healthy participants from patients
addition of standard tests (CTS38, including MMSE) did notyith MCI. The MKL approach may represent an optimal
contribute to the classification performance as well as thesyrateqgy to combine features which are very different in nature

addition of the visuospatial tests (CTS14). Even moresg neyroimaging indices and cognitive test scores. Although
explicative of the potential limitations represented by singlep,re \work should be done to optimise Kernel selection (to
scores like the MMSE in a single-subject oriented approach,,

are the false positive and false negative rates illustrated i void redundant region being erroneously exclydene
resented procedure appears also appropriate to identify those
Table 2. In fact, when the only modGM features were used tgl) P PP bprop y

lassify th ticinants. two fal it found. b teature sets (brain regions and cognitive test batteries) best
classify the participants, two false positive were found, bu defining the patterns of information which can differentiate

. - o . %ealthy brain structural substrates and functional performance
in addition to the two false positive a false negative added 8% om pathological ones

well. The MCI subject presented an MMSE score of 30. In
this case the feature represented by the MMSE score degradéfd our findings are confirmed in a larger population of
in some way the classification accuracy. This doesn’t mean participants, visuospatial memory tests and cerebral atrophy
that the MMSE would not be effective in “helping” participant indices might be assumed to be reliable detectors of the
classification, especially when they achieve an MMSE scorepathological decline associatedth the preclinical stage of
clearly under or above a normality defined threshold, but thisAD, and would represent valid biomarkers.

means that the MMSE is not sufficient to classify them. This -
is a well known issue in early AD classification, not limited to Ultimately, the present study, by combining a SVM MKL

the MMSE score. Unsatisfactory false negative and/or falsgtn@lysis with cognitive tests and neuroimaging investigation

positive rates are common to all the state of the art biomarkergnodalities, suggesesgeneral feasible approach in the search
) ~ for a good candidate biomarker for the early detection of AD.
Given the small dataset that does not allow wide

generalisatiorof results, this should mainly be considered a

pilot study the results of which suggest the potential | ST OF ABBREVIATIONS

represented by the combinatioaf neuroimaging and

visuospatial test scores for obtaining accurate classification oAD: Alzheimer’s Disease; ADNI: Alzheimer’s Disease
disease statusn particular the very high percentage of Neuroimaging Initiative; CTS: Cognitive Test Score; ER:
success in the classification has to be taken with a degree &xpected Ranking; GLM: general linear model; GM: Ysre
caution given the number of participants under investigationMatter; MCI: Mild Cognitive Impairment; MKL: Multi
The significance of predictivityassessed by the permutation Kernel Learning; MMSE: Mini Mental Evaluation Score;
test was found to be always higher than 99% (p<0.01), makingnodGM: Modulated Grey Matter; MRI: Magnetic Resonance
us quite confident that what we obtained was a reliable resulimaging; nsGM: native space Grey Matter; SVM: Support
Nevertheless, due to the small number of participamés, Vector Machine; TE: echo time; TR: repetition time; T1w:
cannot be sufficiently confident that the study populations arel 1-weighted; VBM: Voxel Based Morphometry; 3D: 3-
representative of the actual MCI patients and healthy peoplelimensional;

populations, that is they could embody sub-populations in

which the predictors worked very well by chance [62]. Due to

the small number of participants included in the training andCONFELICT OF INTEREST

testing set of each cross validation fold (respectively 21 and 1 i , . .

in the leave-one-out cross validation), some sort of I'he authors confirm that this article content has no conflict of
“quantisatiofi of the detectalelclassification accuracies there INterest.

exists (e.g. for 22/22 we have 100% accuracy, for 21/22 we

would have 95% accuracy, and for 20/22 we would have 91%

accuracy). It means that correct/incorrect classifications ofREFERENCES
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SUPPLEMENTARY MATERIALS

SVM

SVMs are a set of frequently used methods for classification and regressiopemised machine learning applications.
Supervised learning means that the learning is grounded on prior knewledg example, in our study we collected
neuroimaging data (the value of the modGM mapdi15voxels of grey matter) and cognitive test data (the values of 52 test
scores, see Methods) for a cohort of 22 participants. For each partispanew the group they belongésj thus we worked
within a “supervised” learning framework. Our goal was to understand if what we learned thengroup could be extended
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(generalised) to other individuals. The generalisation is at the basis of the crostfovapidocedures. Those procedures learn on
a training subset of data (in our case on 21 participants) and try to éixéerebult to a testing subset of data (in our case on 1
participant). The operation is repeated for all possible combinations of traistnand testing sets (in our case 22). Each
permutation is called fold and each fold supplies a percentage of successes/failour case 100% or 0%). The average across
all success percentage of all fold permutations represents the prediction accuracy

SVM has been shown to be a feasible method to analyse large feature siplld=ta sets [40]. In fact a standard modGM map
contains a number of voxels (features) of the order of 100Md@@ a classical MRI clinical study only includes few tens of
subjects. These kinds of dataset are prone to overfitting probleanss,tby using a too complex model to solve a probieso,
manyparameters to explain few sample data”, the risk is to fit noise, determining a good but low generalisable solution. SVM
theory lies on the use of so-called Kernels, mathematical entities that are abtedserthe dimensionality of the feature space
used to solve the problem by preserving a low complexity for the model.

Mathematically, the SVM learning problem consists of determining «; and b* parameters in the following equation:
fG) =Eio /K (x,x;) + b* [A1]

where f(x) is a function to be learned on the basis of previousl&dger of | previously collected examples;,{} with i=1,..,|

(in our study I=77767, i.e. 52 cognitive test scores plus 7#tB5M map values, see Methods). K represents the chosen kernel
function. For example, in case of linear Kernel (the one used in the psasgyitk (x, x") = ¥!_, x; *x’; + c. Each ycan get

one of two values, i.e. +1 or -1 (corresponding for example to the MECaroup).

In MKL formulation of the learning problem thi&(x, x") of Eq. Al is replaced by¥ _, d_K(x,x"), being ¢h (m=1,...,M) the
weights to be determined by optimisation procedure (in our case,Nle881 brain regions plus 3 cognitive scores sub-sets and
dm are the weights assigned to the 84 associated Kernels and used to assess theocotatribetprediction accuracy of each
sub-set.

Age correction procedure.

The 22 modGM maps were corrected voxel by voxel. Firstly, we evaluatedebea#fage on the healthy participants by GLM:
y_HC(i)=b0(i) + b1(i) x ageHC A2]

where yHC(i) is the vector composed by the 11 uncorrected modGMsvialtiee i-th voxel, ageHC is the vector of the ages of
the eleven healthy control participants and bO(i) and b1(i) are the topatameters to be estimated for the i-th voxel. Secondly
we applied voxel by voxel the estimated correction to all the participants scores (igghatients):

corr_yHC(i)=yHC(i) - b1(i) x ageHC A3a]
corr_yMCI(i)=yMCI(i) - b1(i) x ageMClI A3Db]

where corr_yHC(i) and corr_yMCI(i) are the corrected 11 elements vedoithd i-th voxel respectively for the control
participants and for the patients. The same procedure was applied to the edgsitscores.

In-depth analysis of Results (weights and ER)

Variability of results through the different cross validation folds, sowdibrt of participants and overshadowing of some Kernels
(regions) by others Kernels (regions) containing the same patteimferohation (see Ref. 44) are important issues that can be
explored more in-depth with the MKL approach implemented by theNFR software The latter issue specifically is a well-
known one in machine learning neuroscientific applications, i.e. it ig#3®n why this approach cannot easily provide an answer
to the following general problem: “Given that the information/activity contained in a brain region A is shown to predict a
clinical/lbehavioural state B, we want to select the sub-region of A mesjhpnsible for tit clinical/behavioural state”. The
Kernels (regions) found to have non-zero weights can be assumegaat lof the informative pattern, but it cannot be excluded
that some 0 weighted Kernels (regions) might also be contributing. Tthesdilientification of those Kernels (regions) that have
a stable performance among folds (individuals), the PRoNTo software calculates the “Expected Ranking” index (ER) that is a
measure of how much the Kernel (region) rating in each fold ie ¢to#s averaged value across fold (see Ref. 44). If we look
at the ER scores of the list of regions having nawn-weights (see Supplementary Materials) we find that the “CTS14 objective”

ER is 0.95. Furthermore, the ranking was found to be 1 for ofidise folds (data not reported). This confirms the high reliability
of the “CTS14 objective” as the sub-set of features driving the classification performance. larsaonsistency is found for the
Brain Stem region, as well as for other brain areas among the moshtalees (aranked by weights). “CTS14 self” on the
contrary, shows a very high ER, thus confirming its lower stabitity relevance in classification, as already suggested by its
ranking and its low weight. While among the first ranked regionsweeduite good ER scores, there are more discrepancies in
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the lower ranked regions between rank/weight and ER, including Hipposaleft Caudate Nucleus, Putamen, and Thalamus,
as well as left Amygdala.

MRI only feature set results

In the following table we report the results obtained when the MRI data @anbnafysed. We report for each brain region the
number of features (N), i.e. number of voxels included in the asso#atedl, the normalised contribution of feature subset in
classification performance, i.e. its weight (%w), and the Expected Ra(lkRyg Data are sorted in decreasing order from
higher %w to lower %w.

Original Data

CTS and TBR Labels N %w ER
Brain-Stem 25,73 3622 1,55
ctx-rh-entorhinal 23,74 248 1,91
Left-Pallidum 21,59 338 2,41
ctx-lh-pericalcarine 7,50 286 7,68
ctx-lh-inferiortemporal 5,37 1709 11,23
ctx-rh-transversetemporal 4,94 147 9,23
Right-Caudate 4,35 690 6,73
ctx-rh-paracentral 1,61 685 37,95
Left-Thalamus-Proper 1,06 1149 8,86
ctx-rh-parstriangularis 0,98 536 42,59
ctx-rh-frontalpole 0,72 83 59,14
ctx-lh-parstriangularis 0,55 374 27,59
ctx-lh-paracentral 0,49 522 29,23
Right-Thalamus-Proper 0,37 1142 13,73
Right-Amygdala 0,26 221 18,00
ctx-lh-parsorbitalis 0,15 335 33,41
ctx-lh-parsopercularis 0,15 751 31,45
Left-Hippocampus 0,10 592 11,82
ctx-lh-transversetemporal 0,08 205 44,09
Left-Amygdala 0,07 194 12,64
Right-Accumbens-area 0,06 103 19,00
ctx-rh-temporalpole 0,06 266 73,14
ctx-rh-

caudalanteriorcingulate 0,04 338 47,77
ctx-lh-middletemporal 0,02 1663 30,09
ctx-lh-lateralorbitofrontal 0,00 1167 27,41
Left-Caudate 0,00 665 10,36
Left-Putamen 0,00 965 11,32
Left-Accumbens-area 0,00 93 14,00
Right-Putamen 0,00 910 15,82
Right-Pallidum 0,00 306 16,77
Right-Hippocampus 0,00 593 17,73
ctx-lh-caudalanteriorcingulate 0,00 311 20,50
ctx-lh-caudalmiddlefrontal 0,00 1075 21,45

ctx-lh-cuneus 0,00 453 22,41




14 Joumal Name 2014, Vol. 0, No. 0 Principal Author Last Name et al.

ctx-lh-entorhinal 0,00 292 23,36
ctx-lh-fusiform 0,00 1398 24,32
ctx-lh-inferiorparietal 0,00 1674 25,27
ctx-lh-isthmuscingulate 0,00 367 26,50
ctx-lh-lateraloccipital 0,00 1605 27,45
ctx-lh-lingual 0,00 889 29,32
ctx-lh-medialorbitofrontal 0,00 555 30,27
ctx-lh-parahippocampal 0,00 327 32,14
ctx-lh-postcentral 0,00 1389 36,45
ctx-lh-posteriorcingulate 0,00 522 37,41
ctx-lh-precentral 0,00 2158 38,36
ctx-lh-precuneus 0,00 1265 39,32
ctx-lh-rostralanteriorcingulate 0,00 400 40,27
ctx-lh-rostralmiddlefrontal 0,00 1870 41,23
ctx-lh-superiorfrontal 0,00 3076 42,18
ctx-lh-superiorparietal 0,00 1584 43,14
ctx-lh-superiortemporal 0,00 1865 44,09
ctx-lh-supramarginal 0,00 1475 45,05
ctx-lh-frontalpole 0,00 66 46,00
ctx-lh-temporalpole 0,00 239 46,95
ctx-lh-insula 0,00 1062 48,77
ctx-rh-caudalmiddlefrontal 0,00 990 50,64
ctx-rh-cuneus 0,00 493 51,59
ctx-rh-fusiform 0,00 1411 52,55
ctx-rh-inferiorparietal 0,00 2139 53,50
ctx-rh-inferiortemporal 0,00 1463 54,45
ctx-rh-isthmuscingulate 0,00 357 55,41
ctx-rh-lateraloccipital 0,00 1515 56,36
ctx-rh-lateralorbitofrontal 0,00 1060 57,32
ctx-rh-lingual 0,00 1014 58,27
ctx-rh-medialorbitofrontal 0,00 626 59,23
ctx-rh-middletemporal 0,00 1853 60,18
ctx-rh-parahippocampal 0,00 349 61,14
ctx-rh-parsopercularis 0,00 677 62,64
ctx-rh-parsorbitalis 0,00 336 63,59
ctx-rh-pericalcarine 0,00 333 65,14
ctx-rh-postcentral 0,00 1268 66,09
ctx-rh-posteriorcingulate 0,00 646 67,05
ctx-rh-precentral 0,00 2080 68,00
ctx-rh-precuneus 0,00 1416 68,95
ctx-rh-rostralanteriorcingulate 0,00 288 69,91
ctx-rh-rostralmiddlefrontal 0,00 2004 70,86
ctx-rh-superiorfrontal 0,00 2786 71,82
ctx-rh-superiorparietal 0,00 1566 72,77
ctx-rh-superiortemporal 0,00 1824 73,73

ctx-rh-supramarginal 0,00 1381 74,68
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ctx-rh-insula 0,00 1025 77,32
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Comparison between GLM age corrected and uncorrected results

In the following table, for both original data and age corrected dateepeet, for each cognitive test score and true brain region,
the number of features (N), i.e. number of test scores / numbexefs included in the associated Kernel, the normalised
contribution of feature subset in classification performance, i.e. ithw@igv), and the Expected Ranking (ERata are sorted

in decreasing order from higher %w to lower %w as assessed irnghmabdata.

Original Data Age Corrected Data
CTS and TBR Labels N %w ER %w ER
CTS14 objective 10 63,62 0,95 65,27 0,95
ctx-lh-parsopercularis 751 12,28 6,32 13,94 13,09
ctx-rh-entorhinal 248 8,74 10,14 4,51 26,36
ctx-lh-pericalcarine 286 8,14 7,86 3,81 16,86
Brain-Stem 3622 3,97 5,32 0,01 9,55
Left-Pallidum 338 1,32 7,41 0,69 8,32
Right-Amygdala 221 0,57 16,27 1,16 15,27
Right-Putamen 910 0,56 10,27 0,00 15,23
Right-Caudate 690 0,29 11,73 0,18 13,82
Right-Thalamus-Proper 1142 0,15 12,32 0,00 13,36
ctx-rh-caudalmiddlefrontal 990 0,13 49,55 0,00 50,73
Right-Accumbens-area 103 0,09 17,23 0,06 18,23
ctx-lh-parsorbitalis 335 0,07 33,23 0,33 34,09
ctx-lh-transversetemporal 205 0,04 44,73 0,00 47,86
CTS14 self-evaluative 4 0,04 75,68 0,12 79,68
Left-Thalamus-Proper 1149 0,00 6,32 0,29 5,45
Left-Caudate 665 0,00 7,27 0,00 6,73
Left-Putamen 965 0,00 8,23 0,00 7,68
Left-Hippocampus 592 0,00 10,05 0,00 10,50
Left-Amygdala 194 0,00 11,00 0,00 11,45
Left-Accumbens-area 93 0,00 11,95 0,00 12,41
Right-Pallidum 306 0,00 15,05 0,00 16,18
Right-Hippocampus 593 0,00 16,00 0,00 17,14
ctx-lh- 311 0,00 18,77 0,00 19,77
caudalanteriorcingulate
ctx-lh-caudalmiddlefrontal 1075 0,00 19,73 0,00 20,73
ctx-lh-cuneus 453 0,00 20,68 0,00 21,68
ctx-lh-entorhinal 292 0,00 21,64 0,00 22,64
ctx-lh-fusiform 1398 0,00 22,59 0,00 23,59
ctx-lh-inferiorparietal 1674 0,00 23,55 0,00 24,55
ctx-lh-inferiortemporal 1709 0,00 24,50 4,19 15,95
ctx-lh-isthmuscingulate 367 0,00 25,45 0,00 26,09
ctx-lh-lateraloccipital 1605 0,00 26,41 0,00 27,05
ctx-lh-lateralorbitofrontal 1167 0,00 27,36 0,00 28,00
ctx-lh-lingual 889 0,00 28,32 0,00 28,95
ctx-lh-medialorbitofrontal 555 0,00 29,27 0,00 29,91
ctx-lh-middletemporal 1663 0,00 30,23 0,00 30,86

ctx-lh-parahippocampal 327 0,00 31,18 0,00 31,82
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ctx-lh-paracentral
ctx-lh-parstriangularis
ctx-lh-postcentral
ctx-lh-posteriorcingulate
ctx-lh-precentral
ctx-lh-precuneus

ctx-lh-
rostralanteriorcingulate
ctx-lh-rostralmiddlefrontal

ctx-lh-superiorfrontal
ctx-lh-superiorparietal
ctx-lh-superiortemporal
ctx-lh-supramarginal
ctx-lh-frontalpole
ctx-lh-temporalpole
ctx-lh-insula

ctx-rh-
caudalanteriorcingulate
ctx-rh-cuneus

ctx-rh-fusiform
ctx-rh-inferiorparietal
ctx-rh-inferiortemporal
ctx-rh-isthmuscingulate
ctx-rh-lateraloccipital
ctx-rh-lateralorbitofrontal
ctx-rh-lingual
ctx-rh-medialorbitofrontal
ctx-rh-middletemporal
ctx-rh-parahippocampal
ctx-rh-paracentral
ctx-rh-parsopercularis
ctx-rh-parsorbitalis
ctx-rh-parstriangularis
ctx-rh-pericalcarine
ctx-rh-postcentral
ctx-rh-posteriorcingulate
ctx-rh-precentral
ctx-rh-precuneus

ctx-rh-
rostralanteriorcingulate

ctx-rh-rostralmiddlefrontal

ctx-rh-superiorfrontal
ctx-rh-superiorparietal
ctx-rh-superiortemporal
ctx-rh-supramarginal
ctx-rh-frontalpole

ctx-rh-temporalpole

522
374
1389
522
2158
1265
400

1870
3076
1584
1865
1475
66
239
1062
338

493
1411
2139
1463
357
1515
1060
1014
626
1853
349
685
677
336
536
333
1268
646
2080
1416
288

2004
2786
1566
1824
1381
83
266

0,00
0,00
0,00
0,00
0,00
0,00
0,00

0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00

0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00

0,00
0,00
0,00
0,00
0,00
0,00
0,00

32,14
34,18
35,27
36,23
37,18
38,14
39,09

40,05
41,00
41,95
42,91
43,86
44,82
45,77
47,64
48,59

50,50
51,59
52,55
53,50
54,45
55,41
56,36
57,32
58,27
59,23
60,18
61,14
62,09
63,05
64,00
64,95
65,91
66,86
67,82
68,77
69,73

70,68
71,64
72,59
73,55
74,50
75,45
76,41

0,00
0,00
0,00
0,00
0,00
0,00
0,00

0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00

0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,00
0,61
0,00
2,27
0,00
1,48
0,00
0,00
0,00
0,00
0,00
0,00

0,00
0,00
0,00
0,00
0,00
0,00
0,00

32,77
35,05
36,41
37,36
38,32
39,27
40,23

41,18
42,14
43,09
44,05
45,00
45,95
46,91
48,82
49,77

51,68
53,09
54,05
55,00
55,95
56,91
57,86
58,82
59,77
60,73
45,55
62,36
35,55
63,82
44,86
65,41
66,36
67,32
68,27
69,23
70,18

71,14
72,09
73,05
74,00
74,95
75,91
76,86
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ctx-rh-transversetemporal 147 0,00 77,36 0,05 74,27
ctx-rh-insula 1025 0,00 78,32 0,00 78,73
CTS38 38 0,00 80,18 1,03 45,09
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Figure 1. For each features subset (81 FreeSurfer extracted cerebral structures and three sets of CTS) the normalised) essgireeoby

the MKL optimization procedure to the associated Kernel is reported, as well as the Expected Ranking (ER) and the Number of features (N)
included in the subset. The feature sets for which the weight was different from zero are highlighted in red. Fifteen axial brain slices of the stud
population template are also shown, with superimposed cyan overlay on structural scans representing the cerebral structures included in the

analysis but excluded by the optimisation procedure (zero associated Kernel weight), and superimposed red overlay representing the structure
with non-zero associated Kernel weight.



