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A Besga data

* Healthy, late onset BD, AD

 MRI image: T1, Difussion (FA), other
(useless)

 Clinical and psychometric tests

* Blood biomarkers for inflammation and
others



General pipeline

Using FSL
Registration of T1 images

Processing of DWI: registration, noise

correction, computation of DTI,
computation of DTI, extraction of FA

Feature selection: anatomically located

Classification to validate the predictive
efficiency of localizations
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Lattice independent component analysis feature selection on diffusion
weighted imaging for Alzheimer’s disease classification
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Fig. 1. Axial slices from three healthy controls and three AD patients. (a) Original FA volumes, (b) reconstructed volumes obtained computing the source mixing using the
FLSU estimated abundance images AS and (c) residual error after the unmixing-mixing process obtained computing Eq. (3).



Algorithm 1. T1 and DWI data processing pipeline to obtain
spatially normalized FA data.

1. Convert DICOM to nifti

2. Skull stripping T1-weighted volumes

3. Affine registration of T1-weighted skull stripped volumes to
template MNI152.

4. Correct DWI scans.

5. Obtain skull stripped brain masks for each DWI corrected scans.
6. Apply diffusion tensor analysis computing DTI and FA.

7. Rigid registration 6DoF of FA data to T1-weighted
normalized volumes, from Step3.

Algorithm 2. Computing the residual LICA.

1. Perform ILSIA on I to induce the lattice independent sources S.
2. Compute FCLSU to obtain abundance matrix A.

3. Compute the FA data reconstruction I from S and A: [ = AS.
4. Obtain squared residual error between I and I: R = (I-1)2.



Fig. 2. Voxel sites for FA features selected with a 99.50% percentile on Pearson’s correlation empirical distribution computed on {a) the original FA data, (b) the LICA
residuals. (c) voxel based morohometrv computed on the original FA data.
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Fig. 4. Average classification sensitivity for features extracted from the FA data {I) and features extracted from the LICA residual (R) for varying percentiles on Pearson's
correlation empirical distribution. In red, SVM classification results. In blue, INN classification results. In green, RVM classification results. {(For interpretation of the
references to color in this figure caption, the reader is referred to the web version of this article.)
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White Matter Tract Integrity in
Alzheimer’s Disease vs. Late Onset
Bipolar Disorder and Its Correlation
with Systemic Inflammation and
Oxidative Stress Biomarkers

Ariadna Besga ' **, Darya Chyzhyk**, ltxaso Gonzalez-Ortega*’, Jon Echeveste’,
Marina Grafia-Lecuona, Manuel Grafia* * and Ana Gonzalez-Pinto™**

Methods: Fractional anisotropy (FA) coefficients are obtained from diffusion weighted
imaging (OWI). Tract basac spatial statistics (TBSS5) fincs FA skelaton clusters of WM
tract voxels showing significant differances for all possible contrasts tetween HC, AD,
anc LOBD. An ANOVA F-test over all contrasts is camied cut. Rasults of F-test are used
o mask TBSS detectac clusters for the AD = LOBD and LOBD = AD contras! to sslect
tha image clusters used for correlation analysis. Finally, Puur:;'uw':s corralation coafficients
betweosan FA values at cluster sites and systemic blood plasma tiomarker values are

UM AN

Results: Tha TESS contrasts with by ANOVA F-test has identifec strongly significant

RE 2

custers in the forceps minor, infaricr longitudinal fasciculus, inferor fronto-occpital =

‘us;:i;:uus, and angulum gyrus. The correlation analysis of these tract clusters ‘ound
strong negative corrgdation of AD with the narve growth factor (NGF) and brain derived

naurotrophic factor (BDNF) blcod biomarkers. Negative corrgation of AD and positive
correlation of LOSBD with inflammation biomarker ILE was also found.

Conclusion: TBSS voxel clusters tract atlas localizations are consistent with greater
behavioral impairment and mocd disorders in LOBD than in AD. Correlation analysis
confirms that neurotrophic factoers (Le., NGF, BONF) play a great role in AD while are
absent in LOSBD pathoghwysiclogy. Also, corralation rasults of IL1 and ILE sugoeas! stronger
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inflammatery affects in LOBD than in AD.
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Eigenanatomy on Fractional Anisotropy Imaging Provides White Matter
Anatomical Features Discriminating Between Alzheimer’s Disease and
Late Onset Bipolar Disorder

Ariadna Bes a ”, Darya Chyzhyk Itxaso (ronzalez-Onega Alexandre Savio™,
Borja Ayerdi™”, Jon Echeveste”, Manuel Graiia™’ and Ana (xonzalez-Pmto

'Department of Psychiatry, University Hospital of Alava-Santiago, Vitoria, Spain, "Centre for Blomed-
ical Research Network on Mental Health (CIBERSAM), Spain; “School of Medicine, University of the
Basque Counlr) Vitoria, Spain; ‘School of Psychology, University of the Basgue Country, San Sebas-
tign, Spain; Compulanona! Intelligence Group (GIC), University of the Basgue Country (UPV/EHU),
San Sebastidn, Spain; "Magnetic Resonance lmagmg Department, Osatek-Vitoria; "ENGINE project,
Wroclaw Technological University, Poland, "CISE Department, Unuversity of Florida, Gainesville,
USA, "ACPySS, San Sebastian, Spain

Abstract: Background: Late Onset Bipolar Disorder (LOBD) 15 the arousal of Bipoler Disorder (BD)

at old age (>60) without any previous history of disorders. LOBD 15 oflen diffscult to distinguish from

e
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Eigenanatomy feature extraction
partial sparse canonical correlation analysis (PSCCAN)
provided in the ANTS open source neuroimage suite
SCCAN looks for the projection maximizing the correlation
between two datasets of paired observations

SCCAN looks for the projection directions 3, and Y,

maximizing the Pearson's correlation after the whitening correlation after removing the effect of the confounding var-
transform of the datasets, i.c. iables, i.c.
MR T\ 2 )
. . Yy v Yy .« o W.xz.'x_)_w»'
X,y “argmaXﬁ_. .I’.y -mgnlaxW.
¥y ¥y 'y Wy ¥
! Y, ”Jpl ) VY I}
X (l) wl u ¥ (2)
S e < c inte N N 1 (WY -\ . o - . - -
SUbJC‘jl to sparsencss consiraints on the image cigenvectors where £, is the variance-covariance matrix of the whit-
v |‘1 <$, where |”| denotes the [[f; norm, and s is the ened residuals of the data after removing the confounding
sparseness level, X, , = XY, is the correlation matrix of variables, X =X (}Z‘”,) and y y(z'\:,'}" " . The residual
- . L1/2 A ’ . . N .
the datasets after whitening, ie. X = XX, and covariance is computed as X, = X'Y-X'Z Z'Y . Opti-

Y = YX,f . PSCCAN considers also the confound varia-

bles in matrix Z of dimensions nX g’ , secking the optimal

In our study, the Y matrix is composed of the values corresponding to
one biomarker, hence we perform independent localizations for each;
the confounding variables in Z are age and gender.
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Table 2. Classification cross-validation average results for the PSCCAN coefficients maximally correlated to each plasma bi-
omarker. Columns: L Linear SVM, RBF best SVM-RBF result obtained after model search for the RBF width, enclosed

in brackets.
Accuracy ¥ score Seasitivity Specificity
L RBF L RBF L RBF L RBF
MDA HC vs. AD 766 814 65.0 24 65.0 a7 833 M4
ADvs. LOBD ' 783 85.3 05 86.7 80.8 873 . a6 . 74
HC vs. D+LOBD 67.1 76.3 522 517 65.0 0.7 653 710
HC vs. LOBD S80 66,8 333 0.1 350 396 816 854
BONF HC vs. AD 686 747 590 61.7 700 75.2 72.5 774
ADvs. LOBD ©9.6 76.7 A 779 0.0 74.2 783 841
HC vs, DAD-LOBD 0.5 701 462 S1.5 70,0 758 633 67.5
HC vs, LOBD 495 604 546 S82 70,0 738 433 586
NOx HC vs, AD 65.7 723 552 9.7 65.0 68.9 716 763
ADvs. LOBD . 663 733 a5 722 63.3 67.4 . 0.0 . 861
HC vs. AD+LOBD 658 7.3 457 582 60.0 62.0 Te 758
HC vs, LOBD 60 65.6 52.0 97 65.0 T4 566 616
Gilu HC vs. AD 9.0 76.7 580 616 700 753 758 813
ADvs. LOBD 740 811 T3 853 79.2 834 150 811
HC vs, AD-LOBD 9.1 87 453 510 550 613 766 £
HC vs, LOBD SB.5 67.1 403 452 50.0 532 766 816
IL1g HC vs. AD 666 729 556 613 65.0 69.8 725 760
ADvs. LOBD . T3 79.1 77 784 . 6.4 . 66 . 0
HC vs. AD+LOBD 643 0.4 455 03 65.0 0.3 (X3 708
HC vs, LOBD 4.5 63.2 480 44 65.0 703 633 706
L6 HC vs, AD 753 80.7 666 730 700 741 833 76
ADvs. LOBD 716 8.2 s 783 68.3 752 a6 723
HC vs, ADLOBD 93 764 470 526 65.0 69.8 73.0 T8
HC vs. LOBD 0.5 68.9 516 553 50.0 55.6 816 74
TNFu HC vs. AD 7.3 783 654 75.1 80.0 86.0 08 750
ADvs. LOBD ‘ 66.0 725 87 73 64.2 0.3 . 783 ‘ s
HC vs. AD+LOBD 634 0.0 453 0.7 65.0 65.1 [ 0.1
HC vs, LOBD 495 553 547 0.7 750 80.0 566 620




Glucose

Fig. (1). Localization of the first eigenvectors maximally correlated with the corresponding biomarker visualized over the Fractional Anisot-
ropy template, from left to nght sagittal, coronal, and axial views.
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Discrimination between Alzheimer’s
Disease and Late Onset Bipolar
Disorder Using Multivariate Analysis

Ariadna Besga'***, ltxaso 124 Enrique Echeb, 4, Al dre Savio®®,
Borja Ayerdi®, Darya Chyzhyk®’, Jose L. M. Madrigal®®, Juan C. Leza*®, Manuel Grafia®®°
and Ana Maria Gonzalez-Pinto"*

TABLE 2 | Welch's t-test p-value for each behavioral, biological biomarker,
and aggregate neuropsychological variable (rows) per group contrast
(columns).

HC vs. AD HC vs. LOBD LOBD vs. AD
FAST <0.001 <0.001 <0.001
TD1 0.022 0.045 0.871
TA1 0.009 <0.001 0.002
TDD 0.002 <0.001 0.145
TA2 0.002 <0.001 0.110
TE 0.325 0.008 0.026
TA3 <0.001 <0.001 0.572
TD2 0.065 0.356 0.618
Tl 0.003 0.001 0.068
TC 0.003 0.096 0.230
TS 0.001 0.004 0.088
BDNF 0.631 0.263 0.425
NGF 0.080 0.816 0.074
NO; 0.468 0.233 0.763
TNFa 0.087 0.691 0.021
L6 0.648 0.147 0.170
L1 0.539 0.781 0.477
MDA 0.304 0.052 <0.001
EF <0.001 <0.001 0.337
A <0.001 <0.001 0.804
M <0.001 <0.001 <0.001

Statistically significant entnies (p < 0.01) are highlighted in gray.

TD1, total delusions; TA1, total agitation; TDD, total dysphona/depression; TA2, total
anxiety; TE, total euphoria; TA3, total apathy; TD2, total disinhibition; Tl, total irritability;
TC, total CMA; TS, total sleep; EF, executive funictions; A, attention; M, memory.
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NO

IL6
Nutrition

NGF
TNF
Dysphoria

MDA
scutive function

Disinhibition

L1

CMA
Apathy
Psychosis
Aggression

FAST
Agitation
Sleepy
BONF

Anxiety

Euphoria
Memory
Attention

TABLE 3 | LOO accuracy estimation of the classifiers on the various
combinations of features for each classification contrast.

CART RF SVM  SVM

(rbf)  (lin)
LOBD 1.BIO 46.38 5942 71.01 60.87
vs. AD 2. NEURO 6667 71.01 68.12 5507
3. BEHAV 8551 8406 7971 84.06
4. BIO +NEURO 66.67 6232 71.01 66.67
5. BIO + BEHAV 79.71 7391 7971 7971
6. NEURO + BEHAV 79.71 8116 8261 84.06
7. NEURO + BEHAV + BIO 7826 7971 8406 8261
8. NEURO + BEHAV +BIO-Wt  90.26 86.67 89.06 87.51
HC vs. 1.BIO 7143 6032 57.14 4821
AD 2. NEURO 88.89 9365 8730 84.13
3. BEHAV 9524 9524 93685 9524
4. BIO +NEURO 8571 8730 8730 8889
5. BIO + BEHAV 9206 9206 96.83 93.65
6. NEURO + BEHAV 9365 96.83 9524 96.83
7. NEURO + BEHAV + BIO 95.24 9524 9524 92.06
8. NEURO + BEHAV+BIO-Wt  96.24 97.21 97.21 97.21
HC vs. 1.BIO 46.55 4828 5345 8034
LOBD 2. NEURO 7586 7759 7931 8276
3. BEHAV 8966 8966 91.38 9138
4. BIO +NEURO 7931 8276 7758 77.59
5. BIO + BEHAV 8276 ©3.10 9138 9138
6. NEURO + BEHAV 8276 9483 93.10 93.10
7. NEURO + BEHAV + BIO 8276 8966 93.10 91.38
8.NEURO +BEHAV+BIO-Wt  91.76 9576 94.10 94.38

Bold values are the maximum attained by a classifier per classification contrast.
BIO, blocd biomarkers; BEHAV, clinical variables; NEURO, neuropsychological tests; Wt
variables are selected according to Welch's t-test.
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AK Shinn

Data about people with schizophrenia with
and without hallucination

Resting state fMRI
Connectivity results
Dynamic causal analysis
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Fig. 1. Analysis pipeline for the background/foreground (BF)-LAAM-based FC approach. (1) rsfMRI data were pre-
processed, and time series extracted from the specific background (cerebrospinal fluid, CSF) and foreground (right or
left Heschl’s gyrus) regions of interest (Rols). (2) We then performed dimensionality reduction, reducing the high dimen-
sionality time series data into LAAM-based FC measures. (3) We performed feature selection and extraction, using the
Pearson’s correlation coefficient (7) between the voxel value across subjects and the class label as a saliency measure to
select the voxel sites with the greatest discriminative power. (4) We performed classification using support vector machines
(SVM), and generate spatial maps showing the voxel sites with the features that are most highly discriminative.
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(c)

Fig. 2. The ROIs used for LAAM based connectivity analysis. The fMRI time series from LHG (10 mm, MNI coordinates
[—42, —26, 10]) (a) and RHG (10 mm, MNI coordinates [46, —20, 8]) (b) were used to compute the left and right OS-LAAM
h-functions, respectively. We also computed the BF-LAAM h-functions, where the fMRI time series from the CSF (10 mm,
MNI coordinates [—15, —26, 10]) (c) was set as the background training dataset and the fMRI time series from the LHG
(a) or RHG (b) were set as the foreground training dataset.



Fig. 3. (Color online) Localization of feature voxel sites selected from the BF-LAAM h-function map with foreground
seed extracted from the LHG ROI, when discriminating SZAH from SZnAH populations. Colorbar is proportional to voxel
saliency.

21



Table 1. Average accuracy of cross-validation results, feature vector size per columns.

Measure Feat. Map. HG 500 1000 5000 10,000

SZAH versus SZNAH FC OS-LAAM L 97.5 97.5 97.5 92.5
R 92.5 92.5 95 95.2
BF-LAAM L 100 97.5 95 90
R 100 100 100 100
LA ReHo — 100 100 100 100
ALFF — 85 87.5 92.5 92.5
fALFF — 97.5 100 100 97.5
SZAH versus HC FC OS-LAAM L 43.7 42.7 30.7 28.3
R 52.3 50 33 28
BF-LAAM L 96.7 98 96.3 93
R 98.3 96 92.7 93
LA ReHo — 98 98.3 96.7 96.6
ALFF — 48.7 49 30.3 31.7
fALFF — 100 100 98.3 98.3
SZNAH versus HC FC OS-LAAM L 65 63 59.5 55
R 74 70 60 55
BF-LAAM L 100 100 95.5 93
R 100 98 95.5 93.5
LA ReHo — 97.5 98 95.5 96
ALFF — 78 76 62 53
fALFF — 100 100 100 100
SZ versus HC FC OS-LAAM L 32.4 31 26 25
R 41.4 36.7 26.9 25.2
BF-LAAM L 95.5 97.1 88.6 85.7
R 94.3 91.2 86.7 87.1
LA ReHo — 95.7 95.7 97 95.5
ALFF — 48.8 42.9 35.2 35.2
fALFF — 98.5 100 97.1 97.1

Note: Rows correspond to scalar feature mappings. Column HG indicates the left (L) or right (R) Hes-
chl’s Gyrus ROI. Results above 90% are highlighted in bold. Key to abbreviations: FC = Functional
connectivity, LA =Local Activity, OS-LAAM = one-sided lattice auto-associative memories, BF-
LAAM = background /foreground lattice auto-associative memories, ReHo =regional homogeneity,
ALFF =amplitude of low frequency fluctuations, fALFF = fractional amplitude of low frequency
fluctuations.



International Journal of Neural Systems, Vol. 27, No. 1 (2017) 1750019 (15 pages)
© World Scientific Publishing Company
DOI: 10.1142/S0129065717500198

World Scientific

www.worldscientific.com

Resting State Effective Connectivity Allows Auditory
Hallucination Discrimination

Manuel Grana** 8, Leire Ozaeta® and Darya Chyzhyk*:+#
*Computational Intelligence Group
University of the Basque Country, UPV/EHU, Spain
fCISE Department, University of Florida, Gainesville, USA
tACPySS, San Sebastian, Spain
Ymanuel.grana@ehu.es

4

®)

Fig. 1. Abstract functional model of the brain functional interactions while experiencing an AH. The arrows indicate the
general expected hallucinating signal path, starting in the auditory cortex and traveling to emotional regulation/attention,
language related and monitoring areas. The areas with thicker border are more activated in the hallucination prone brain,
while areas with dotted border are less activated.



Subcortical areas

Fig. 2. (Color online) A detailed anatomical network of interacting brain regions underlying the abstract functional
generative mechanism of auditive hallucinations. Identified areas are as follows: orbitofrontal gyrus (Obr), frontal dor-
solateral gyrus (DL), middle frontal gyrus (MF), precentral gyrus (PreC), Broca’s area (B), frontal operculum (FO),
superior parietal (SP), Wernickle’s area (W), postcentral gyrus (PostC), amygdala (A), Thalamus (T), putamen (P),
ventral anterior cingulate (V), dorsal anterior cingulate (D), hippocampus (H), parahippocamus (Ph), insula (I), Heschl’s
gyrus (HI), Temporoparietal gyrus (TP), superior temporal (ST). Continuous green line connections are stronger in the
hallucinating brain. Dotted red line connections are weaker in the hallucinating brain.
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frontal

Fig. 3. The simplified anatomical model of interacting
brain regions used for DCM estimation of effective con-
nectivity parameters.

3.2. Granger causality
Dynamic causal modeling
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Fig. 4. (Color online) Results of the connection selection, testing all possible networks of effective connections. Below
each network graphical representation, we give the average and standard deviation of accuracy results of cross-validation
of a linear SVM classifier over their respective feature vectors. Average accuracy values above 80% and 70% for DCM-
CCF and GC-PDC features, respectively, are highlighted in green. (a) Results using DCM-CCF features, (b) results using
GC-PDC features. The features for each connection are the complete set of coefficients. Red values highlight results that
are worst than a pure random classifier.



Fig. 5. (Color online) Visualization of the brain local-
ization of the effective connection network achieving
the highest accuracy discriminating hallucination prone
brains considering all the DCM-CCF coefficients per con-
nection.

IF->AC

DCM-CCF ==

GC-PDC

[terations

Fig. 6. (Color online) LOO cross-validation estimated
accuracy at each iteration of the greedy wrapper fea-
ture selection process applied to each frequency indepen-
dently. Labels shown on the plot correspond to the con-
nection added at this iteration. The blue plot corresponds
to the results achieved with GC-PDC features, the green
plot to the results of using DCM-CCF features.
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