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An Ensemble Multiview learning method for visual object
decoding from fMRI brain data

Osama Hourani, Nasrollah Moghadam Charkari* & Saeed Jalili
Department of Computer Engineering, Tarbiat Modares University, Tehran, Iran

Abstract
In the past two decades, the applications of computational neuroscience have been increasingly growing.
Breaking the neural code is a crucial open problem in computational neuroscience. Various research
groups attempt to provide an efficient method to decode human brain activity using fMRI data. The
output of these methods is a computational model that can assign brain signals to an external stimulus;
. in this study, visual object recognition has been investigated. The brain decoders are used in many
géf’ applications, such as the brain-computer interface or detecting specific mental illnesses. In general,
brain fMRI data have a high spatial and temporal resolution that increases the number of features of
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the problem. Proper feature extraction from brain images is a challenging and time-consuming process.
Consequently, the convergence of learning algorithms takes a long time to create an appropriate model.
So, breaking down the feature space is highly recommended. We proposed new multi-view learning to
solve the brain decoding problem. This approach splits the feature space based on mutual information
and finds an appropriate ensemble classification model that detects the related visual object to neural
activities in the brain.

The proposed method clusters the feature space based on mutual information and splits it into
coherent sub-spaces, views. For each feature view, a support vector machine model is learned in
parallel; the used SVM version can generate a vector of probabilities for each class. At the test phase,
the feature space of test data is divided similarly to the training data, and each model generates a
probabilistic vector for the test instances. Then, these vectors are combined in the decision profile
matrix. The decision fusion is employed by the ordered weighted averaging (OWA) approach. The
proposed multi-view learning methods achieved higher accuracy rates than the single view model. The
main advantage of the MV model is that it can run in parallel, making it counterproductive to deal with
the high-dimensional problems based on the divide and conquer strategy. The optimization phase to
detect the most acceptable parameters for each model is obtained using the simulated annealing, SA,
algorithm. We have employed three real fMRI datasets of the human brain to assess the proposed
method, obtained from the Openneuro website. Also, the leave-one-run-out cross-validation approach
has been carried out to evaluate the proposed method in the intra-subject scenario. Criteria such as
accuracy rate and confusion matrix have been undertaken to analyze the results. The single feature view
obtains an accuracy rate of more than 50%. While in the ensemble model, the accuracy rate in most
subjects is more than 90%.

Keywords: Brain Decoding, Decision Fusion, Ensemble learning, fMRI, Mutual Information

Iy olwsl %o b anlyd wilesy a8 cowl Al e dodio —)
6)M o&als wlof 3 o o Jlie sl ..\.S elsas e 555 S bl e s callad slagKl LLifus
b slaoSe sliled pomen ol il @ Bhie L ) s el e el pgle

wadolnl e Sl s womb 4o Lal |
S o ol Lol el S

338 Sy by Ll cod) s Lol (nl ogb oo

$ab e A ggy, Su e pl 4o = .
R i o b e o pgal Glaliiws ST L g adgs e

s 6l slal oleSas alis ! oS . . ] .
e SR F o ST gy st ad sl «
u)ﬁ.atb J.:l&..ﬁ ULC)JJG‘ LL..:‘ ﬁ,_»loolo OLQ.M.M.) UL"""‘ B " ol GJM LELQM_JLxﬁ 0‘93‘59 oS w‘ oob

> (s ol by oSy o) o G50k glagty, ST L) golus ledl b TS e

Skl (latws) ez g S8 bSS I TMRI Bols TL[4] 5.5 somtins oibe

5l et Slasi 4 o Fhy (e 5 005l Cawon,
Ngd oo goads> blate Oledbl wlul i laadyes

4 el a5 o a5 el T e ol o

G gl G collad GlagSll 0 S s b SO pgald
Loty cpl 5o [B] og walgs e i o] 4 ataly JSo
oly il e oyian Sisr 5 T Sllre sl
Sl 4 Gl cazy Swoiin sy ol
sSlas 0gm5 Syo 0 bdas ol il e culled
b 7] 5 [6] o9 salgs auie ylusl jae ol sl

Sy azy o b Fhy jl alss p A J)gen
el gy o aelel oS e ple 1) Jie
gdse odls (Bigel andiws Sy (Shy sleazs
Pl Slopass (sbszen 5 Giios s Colgiyd
IMRI 50ls 51 olontoy oSl gm)l sl 95 o0
sshieas el sad ool ludl ae ol
&Sl MMVL & 1) goleriy (33, il paise

Sl o 1) 0g S 08 ol S gl albdS and ¢
OBl SIUT L pladl i g5l oe (sl LIS slais,

Slebrs Joo 5 s, onl mls wlesls gjie

Tob ¢ idgh ol 18 sdsliewsd pll 4 dxos
S e LR R F 1 Computational Neuroscience

) oSt Sory (A IN 4 Cod RS9 2 Neural Activity
3 Visual stimulus
5 Modares multi-view learning 4 Computational Models

A 2l ¥ o Ll VP JLu



Srxe FMRI GB 313 H1 591333 Glubl (HUBS IS S (A9 29T 545 3L by

s 29,5 650k sl eslaiul b ludl jre HlaSas
Iy eolerig s, S Jolm pow Cond oS (0
3 228 mlo g eolatul 5)50 sesls WS o 7 las
Ghoy byl 9 amlie Wsboe dl e i3
5 ol ho aliSaS slaiagsy uAT L ookt
5 Gommer ol wisdi oo Wl ey S

Dy oo Ol (6 S A

00 (55 dand 0 a7 (g3l ity

? (CTZ ’“"“"-

5

I— Noasy

= A

TG G S
K\A—— Bazy

T ot I— m /-

<Y a2y

Ny > comsud '—I =

‘_;,.;’ L;Lb 4.>, )Ua,a «.i.im

Rt I_t:*@—ﬁ‘—&

e go Sy, b anlio o (rizmen 35l o0 S92 54y
C8s Fy Sole dols b ludl e plisas (o
w“ g}a‘ B .l 6»))505)0 65_\)L-u )») WLA
30 eolginn gy LS Sl el alflas O)g0u
sl 00 00l QL.....J W) Ji..;
39 Ogd oh el iSu miy 4 Allde el dalal o
slogby, oj9> ;o |y Lhegh dcin ey iSu

sl 42l 50 5o la Juus'y Ll

Gyl b B9y 2 (o ulbo!

(&

S gy slaols
B Rt L]

=4

1
|
|
|
|
|
|
|
|

— 8D
T

ak

\ 4
[ pLsascis gyl [

SOl BP9y (IS Sl e (- JS)

(Figure 1): General steps of the proposed method
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(Figure-2): Results of activity localization related to viewing a picture of a house
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4 SA: Simulated Annealing
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(Figure-6): Scheme of the multi-view ensemble learning process
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Qfd" 2 DP: Decision Profile Matrix

A 2l Vol Vfee Lo

ez pd —F =Y
Cdo 4y gbows banaius Sexpd jo el Coje
@ oolacewnl G bl 42 eSS Sl 4 cos SYL
Ll 1805 slassaies o Canye slaclg>
elasse a ialel wiged Glai 55 (08 olu
> ol o (ol s o cin) dlise slaos,
Spdied So SRy Ary 2 0 Splyee Do
Sly e g0 o0 ad)F ol alllas Ojgeu
FBon ol I oam Aepe 0 xS ereas
asaiws 5l golass (51 .0iS o ooliiw] (5 08 pueas
Oliee oy Szt S o (29,5 oS el il
o el 0sdge iy alates o] sl Gl
JSs g waler il S O jgod anaios ol

1 Diverse Classifiers



5 ol bt e SSE @ Gl e Sl
obS [47] ci 3 )18 eolaiuls ge (ghlane codled
Cudled jo oolddcgase dw o (S i dzg A el
odlddsgorms el (g le slal Slolis & 3l
Jols gylass slasl olulis ooloacgome L DS105
Ol 00 98 5o sl el 30 Sy o R S
BB ooslas jo aS 5)ls 5gzg ,z2] 005ls solodcgasna
abass V\Y+) x> \Y- JAL» |J.?\ JL- JTAU W
oals las Yp:go Sl YO e slyla (\‘:LQ)
2 &S sl 4l darw 21 e lejie o5l sl o

overall, niime = v x TR )

slaws vn' g 1S5 ley TR 51 wiles,le o )b
BOLD JiSaw j cuwin slopSe b lapns
by 0 colatwly ge (S xe) slisl slauSe
2,0 wWSe wils 5l wileo,le DS105 colsacgosns
Ol @90 5 (Joro (b ks (S 1) toud
Glae TIMRI solas ol DS107 oslodsgozms ol
[46] axllas ,o (b o a0 Ll (03 YY 30,0 YY) @
it 3 o YD o Siln (sls ol 8 35550 b pne
Sl ol S plaSzme wiie Jlo YA LA
sgbal aas 09,5 ez odldacgere (pl Sl
g odben s sbedl s laus sludl ¢SS SldS
odia Jolis DS116 ooloacgasme .popinl (B,> 4l
g Jlo YV s ke 0050 VY g (5 i) ol 0,8
@l g @l Gl (Jo o BV o il
RO PN E 5 JE ORISR R VEL JC g SO 08
ople 9 Kype,d S, ol Wlole S o
SreSe aieiom b ogo o A Sppe S8
oolaiwld jae (5l (g ki g alae opl o ain
J992 59 dlie 3550 slagsby; ands oS Canl a8 51 8
30,5 eolaiul ol 5 (gl slag L I Q)
Ol e eads Lislo g B0l sledcgasme paisie dulie

Sl 00l ools ylid (V) Jgoo o allas

@ s eudcd e slagiy (eShe by, o
arg wimd e olis 1) es) &5 wple laggie
5 st g5 & shite e Jlalyiens 9
22 oy Eyeze o aitus 03, & laie lapgi
03) 4y diged Blai (e (135 2 Al S Wb Sl
Gy bt as sla by, was s L 1y (o)
xSl Jlon (mle S L mls SS9zes
2 gtsy crl S5l gl S 8,00 B
M gz ol oad ol (Agzen Al
a> e jo cadad S a4 sla g, 1 Gacges
a3 ge ol |y gk (nl )0 (Sheen
Lo Shgzod b ,Slas @iy (Y- Jou)

o9 ol 58 eolaiwls g0
(Table-2): Details of used decision fusion operators
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2 Volume

3 TR: time to repetition
4V/n: volume number
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(Table-3) The details of the studied fMRI datasets in this paper
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(Table-4): comparison of accuracy rate in multiview and
single view learning methods in dataset DS105
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(Figure-8): accumulative confusion matrix of the proposed method for dataset DS105
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(Figure-11): accumulative confusion matrix of the proposed method in DS116 dataset.

dj‘dfds ‘53.5050 L LQW)J as AJGA oolazwl
ol dighice has Sy sho polie 4 ali]
L 053 Oysoas (Shg loazy olas 5 wlinl atg,
o2 SA Glaaslal 8 sgzine p.“..l”ﬁl SeS

Nl o0

e 0 10

Uiyl g Ao -0
by, ol boolran i, mls awlis
el 0a 00,51 (B) Jgoz 40 w5, slasl SleSas
Ky, doghyy 00 b ool by, el 58
O g es Sledbl SS L L;)"9 slad S
Sl eoleiing by Sl (Sheczy glaeS S

258 5920 Al 3 (Gl 93 b Ll o LASAS b Jhgy (2 BT Ao (8- Jgu2)
(Table-5): Comparison of the latest decoding methods of human brain with the proposed method in intra-subject case
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