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Introduction:	Sustained	attention	(SA)	to	a	task	lapses	often,	even	in	scenarios	like	reading	where	focus	is	important	[5].	A	clear	picture	of	
the	neural	processes	involved	in	SA	could	help	illuminate	disorders	of	attention	such	as	ADD,	but	studies	of	SA	lack	an	objective,	continuous	
metric	 that	 is	 valid	 for	 a	 naturalistic	 task.	We	 leverage	 recent	 work	 showing	 the	 predictive	 potential	 of	 functional	 connectivity	 (FC)	 in	
classifying	cognitive	state	[2].	We	extract	both	fMRI	magnitude	and	FC	features	in	a	task	where	subjects	split	their	attention	between	reading	
and	auditory	distractions,	and	we	use	these	features	to	identify	the	presence	of,	and	attention	to,	these	distractions.	
	

Methods:	DATA:	3	healthy	adults	each	read	for	4-6	runs,	with	30	9-line	pages	of	text	per	run	(Fig.	1).	On	each	page,	either	white	noise	or	
unrelated	 speech	was	 played	 through	 headphones.	 Before	 each	 session,	 subjects	were	 instructed	 to	 ignore	 the	 speech	 and	 focus	 on	 the	
reading	(“focus	trials”)	or	attend	to	both	(“split	trials”).	Multi-Echo	fMRI	data	were	acquired	during	each	session	(3T	GE	750,	EPI,	FA	=	70°,	
TE	=	14.6/26.8/39.0	ms,	TR	=	2	s,	Res	=	3x3x3.5	mm,	#Acq	=	240,	#Slices	=	37,	ASSET	=	3).	An	anatomical	scan	was	used	for	registration	and	
masking.	Gaze	data	(not	shown)	were	collected	using	an	infrared	tracker	(Avotec	model	RE-5701,	Avotec	Inc.,	Stuart,	FL).	
PREPROCESSING:	 AFNI	 software	was	used	 to	discard	 the	 first	 3	TRs,	 despike	 the	data,	 slice-time	 correct,	 transform	 into	Talairach	 space,	
estimate	and	correct	for	motion,	and	mask	to	in-brain	voxels.	We	then	used	MEICA	denoising	[3],	which	performs	independent	component	
analysis	(ICA)	on	timeseries	that	are	“optimally	combined”	across	echoes	[4]	and	removes	components	that	do	not	have	a	BOLD-like	decay	
across	echoes.	Motion	parameters,	≤4th-order	polynomials,	and	frequencies	outside	0.01-0.1	Hz	were	projected	out	of	the	data.	
FEATURE	EXTRACTION:	 A	200-Region	of	 Interest	 (ROI)	 atlas	 [1]	was	warped	and	 resampled	 to	match	 each	 subject’s	EPI	data.	The	mean	
timecourse	in	each	ROI	was	extracted,	and	Support	Vector	Decomposition	(SVD)	was	used	for	dimensionality	reduction	(90%	variance	kept,	
reducing	avg	#	feats	from	200	to	25).	The	remaining	component	timecourses	became	the	“magnitude”	(Mag)	features	used	in	classification.	
The	correlation	between	Mag	features	in	a	20-s	sliding	window	was	calculated	and	passed	through	SVD	(70%	variance	kept,	reducing	avg	#	
feats	 from	304	to	62)	to	 find	the	“FC”	features.	The	features	were	sampled	once	per	page:	Mag	features	at	the	TR	nearest	the	middle	of	a	
page,	and	FC	features	with	windows	ending	at	the	end	of	the	page	(including	a	6-s	HRF	delay).	Each	feature	was	normalized	(mean	0,	std	1).	
CLASSIFICATION:	Logistic	regression	classifiers	(λ=1e-6)	were	built	to	classify	(1)	white	noise	trials	vs.	speech	trials	and	(2)	focus	vs.	split	
trials.	In	each	case,	classifiers	were	trained	using	(1)	only	Mag	features,	and	(2)	only	FC	features.	The	area	under	the	ROC	curve	(AUC)	was	
used	as	a	figure	of	merit.		
	

Results:	When	classifying	white	noise	vs.	 speech,	Mag	 features	were	effective,	 and	FC	 features	were	not.	When	classifying	 focus	vs.	 split	
trials,	however,	FC	features	outperformed	Mag	features	(Fig.	2).	To	localize	predictive	features,	we	calculated	forward	models	(FM),	which	
can	be	interpreted	as	the	coupling	between	the	original	data	and	the	classifier	output.	The	Mag	FMs	illustrate	that	lower	fMRI	magnitude	in	
temporal	 cortex	 provided	 evidence	 for	white	 noise	 trials	 (Fig.	 3).	 The	 FC	 FMs	 (Fig.	 4)	 illustrate	 that	 evidence	 for	 focus	 trials	 came	 from	
regions	including	temporal	cortex	and	precuneus	(increased	FC)	and	the	OFC	and	ventral	striatum	(decreased	FC).	
One	potential	 confound	 is	 that	 split	 and	 focus	 trials	 occurred	 in	 separate	 sessions,	 and	 the	 classifier	may	 rely	 on	 session-specific	 effects	
rather	than	cognitive	activity.	But	the	consistency	of	FMs	across	subjects	(Fig.	4A)	is	an	encouraging	sign.	
	

Conclusion:	While	Mag	 features	were	more	predictive	of	 the	external	 stimulus,	 FC	better	predicted	attentional	 state,	perhaps	because	 it	
involves	 subtler	 interactions	 between	 more	 widely	 distributed	 brain	 regions.	 This	 suggests	 that	 FC	 patterns	 may	 provide	 an	 effective,	
objective	metric	of	SA	in	naturalistic	tasks	like	reading.		
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Figure 1: Illustration of the three conditions. Each session contained white noise and focus or 
white noise and split conditions. The order of the blocks was randomized for each subject.

subject
SBJ01 SBJ02 SBJ03

AU
C

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1
White Noise vs. Speech Trials

Mag features
FC features

subject
SBJ01 SBJ02 SBJ03

Focus vs. Split Trials

Figure 2: Area under the ROC curves (AUC) for logistic regression classifiers using standard 
Mag features (blue) or FC features (yellow). When classifying white noise vs. speech trials (left), 
Mag features outperformed FC features. When classifying focus vs. split trials (right), FC 
outperformed Mag.  Stars indicate p<0.01, i.e., the classifier’s AUC exceeded those of all 100 
permutations.
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Figure 3: Forward models for Mag feature classifier of white noise vs. speech trials (mean across 
subjects, projected back onto 200-ROI atlas [1] in MNI space). Values whose magnitudes did not exceed 
those of 95% of permutations were masked out.
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Figure 4: (A) Forward models for FC classifier of 
focus vs. split trials are consistent across subjects. 
Far left: mean across subjects, with ROIs ordered 
from lowest to highest mean connectivity with all 
other ROIs. All other plots: forward models for each 
individual subject, with ROIs in the same order. 
(B) Mean forward models (i.e., mean connectivity of 
an ROI with all other ROIs) for FC classifier of focus 
vs. split trials (mean across subjects, projected back 
onto 200-ROI atlas [1] in MNI space). Values whose 
magnitudes did not exceed that of 95% of 
permutations were masked out.


