
Magn Reson Med. 2022;87:1507–1514.	 		 		 |	 1507wileyonlinelibrary.com/journal/mrm

Received:	12	July	2021	 |	 Revised:	19	October	2021	 |	 Accepted:	12	November	2021

DOI:	10.1002/mrm.29107		

R A P I D  C O M M U N I C A T I O N

Correlated functional connectivity and glucose metabolism 
in brain white matter revealed by simultaneous MRI/
positron emission tomography

Bin Guo1,2  |   Fugen Zhou1 |   Muwei Li2,3 |   John C. Gore2,3,4 |   Zhaohua Ding2,4,5

1Image	Processing	Center,	School	of	Astronautics,	Beihang	University,	Beijing,	China
2Vanderbilt	University	Institute	of	Imaging	Science,	Nashville,	Tennessee,	USA
3Department	of	Radiology	and	Radiological	Sciences,	Vanderbilt	University	Medical	Center,	Nashville,	Tennessee,	USA
4Department	of	Biomedical	Engineering,	Vanderbilt	University,	Nashville,	Tennessee,	USA
5Department	of	Electrical	Engineering	and	Computer	Science,	Vanderbilt	University,	Nashville,	Tennessee,	USA

This	is	an	open	access	article	under	the	terms	of	the	Creat	ive	Commo	ns	Attri	butio	n-	NonCo	mmerc	ial-	NoDerivs	License,	which	permits	use	and	distribution	in	any	
medium,	provided	the	original	work	is	properly	cited,	the	use	is	non-	commercial	and	no	modifications	or	adaptations	are	made.
©	2021	The	Authors.	Magnetic Resonance in Medicine	published	by	Wiley	Periodicals	LLC	on	behalf	of	International	Society	for	Magnetic	Resonance	in	Medicine

Abbreviations	&	Acronyms:	BAs,	Brodmann	areas;	FALFF,	fractional	amplitude	of	low	frequency	fluctuations;	FC,	function	connectivity;	FDG,	
fluorodeoxyglucose;	GM,	gray	matter;	Montreal	Neurological	Institute,	MNI;	regions	of	interest,	ROIs;	white	matter,	WM.

Correspondence
Zhaohua	Ding,	Vanderbilt	University	
Institute	of	Imaging	Science,	1161	21st	
Avenue	South,	Medical	Center	North,	
AA-	1105,	Nashville,	TN,	37232,	USA.
Email:	zhaohua.ding@vanderbilt.edu

Funding information
National	Natural	Science	Foundation	of	
China,	Grant/Award	Number:	61601012;	
National	Key	R&D	Program	of	China,	
Grant/Award	Number:	2018YFA0704100	
and	2018YFA0704101;	National	Institutes	
of	Health,	Grant/Award	Number:	R01	
NS093669	and	R01	NS113832

Abstract
Purpose: There	 has	 been	 converging	 evidence	 of	 reliable	 detections	 of	 blood	
oxygenation	level	dependent	(BOLD)	signals	evoked	by	neural	stimulation	and	
in	a	resting	state	in	white	matter	(WM),	within	which	few	studies	examined	the	
relationship	between	BOLD	functional	signals	and	tissue	metabolism.	The	pur-
pose	of	the	present	study	was	to	explore	whether	such	relationship	exists	using	
combined	 functional	MRI	and	positron	emission	 tomography	 (PET)	measure-
ments	of	glucose	uptake.
Methods: Functional	and	metabolic	imaging	data	from	25	right-	handed	healthy	
human	adults	(aged	18–	23 years,	18	females)	were	analyzed.	Measures,	including	
average	resting	state	functional	connectivity	(FC)	with	respect	to	82	Brodmann	
areas,	fractional	amplitude	of	low-	frequency	fluctuations	(FALFF),	and	average	
fluorodeoxyglucose	(FDG)	uptake	by	PET,	were	computed	for	48	predefined	WM	
bundles.	Pearson	correlations	across	the	bundles	and	25	subjects	studied	were	
calculated	among	these	measures.	Linear	mixed	effects	models	were	used	to	es-
timate	the	variance	explainable	by	a	predictor	variable	in	the	absence	of	inter-	
subject	variations.
Results: Analysis	of	six	separate	 imaging	 intervals	 found	that	average	FC	the	
bundles	was	significantly	correlated	with	local	FDG	uptake	(r = 0.25,	p < 0.001),	
and	the	FC	also	covaried	significantly	with	FALFF	(r = 0.41,	p < 0.001).	When	
random	effects	from	inter-	subject	variations	were	controlled,	these	correlations	
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1 |  INTRODUCTION

Since	the	discovery	of	correlations	between	spontaneous	
low	frequency	fluctuations	in	blood	oxygenation	level	de-
pendent	(BOLD)	signals	around	the	mid-	90s,1	resting	state	
functional	connectivity	(FC)	has	been	extensively	studied,	
leading	 to	 the	 identification	 of	 several	 resting	 state	 net-
works	in	the	human	brain.2	Whereas	the	vast	majority	of	
these	studies	have	hitherto	focused	on	cortical	gray	matter	
(GM),	 there	has	been	growing	 interest	 in	 the	evaluation	
of	functional	networks	in	white	matter	(WM).3,4	In	partic-
ular,	it	has	been	recently	demonstrated	that	spontaneous	
low	frequency	 fluctuations	 in	WM	BOLD	signals	are	ro-
bustly	 detectable	 and	 reflect	 specific	 neural	 activities,5,6	
which	suggests	the	potential	of	analyzing	and	character-
izing	FC	in	WM.

Notwithstanding	 compelling	 evidence	 provided	 by	
experimental	 studies7	 and	 supportive	 clinical	 data	 that	
have	 recently	 emerged,7–	13	 the	 interpretation	 of	 the	 ob-
served	 fluctuations	 in	 WM	 signals	 remains	 unclear.14	
Physiologically,	 the	 vascular	 density	 of	 WM	 is	 approxi-
mately	one-	fourth	that	of	GM,	so	hemodynamic	responses	
to	increases	in	energy	demand	in	WM	are	expected	to	be	
proportionally	 reduced.	 Thus,	 BOLD	 signals	 are	 weaker	
and	may	fall	below	the	sensitivity	of	conventional	acquisi-
tions	and	analyses.	Moreover,	it	is	not	clear	what	processes	
within	 WM	 modulate	 local	 metabolic	 needs	 or	 regulate	
flow	 and	 oxygenation	 to	 couple	 neural	 activity	 and	 vas-
cular	hemodynamics.	The	observed	signal	fluctuations	in	
WM	could	plausibly	originate	from	venous	draining	effects	
from	 upstream	 GM	 or	 other	 non-	neural	 confounds	 that	
impact	BOLD	signals	throughout	the	brain	parenchyma.

Although	previous	studies	have	shown	WM	BOLD	sig-
nals	are	affected	concomitantly	with	changes	in	neural	ac-
tivity	in	cortex,	there	is	a	residual	need	to	clarify	whether	
those	 changes	 reflect	 an	 intrinsic	 metabolic	 demand	
within	WM	 itself.	The	 primary	 energy	 substrate	 of	 brain	
tissues	is	glucose,	and	variations	in	glucose	uptake	reflect	
variations	in	baseline	metabolic	rates.	We	hypothesized	the	

engagement	of	regions	of	WM	in	brain	functions	in	a	rest-
ing	state	is	reflected	in	the	magnitudes	of	the	spontaneous	
fluctuations	in	local	BOLD	signals	and	in	the	strengths	of	
the	 correlations	 of	 BOLD	 signals	 across	 time	 with	 other	
areas,	 which	 is	 interpreted	 as	 FC.	We	 analyzed	 PET	 and	
MRI	 data	 previously	 acquired	 and	 reported	 by	 Jamadar	
et	al.15	We	demonstrate	that,	by	analyzing	simultaneous	re-
cordings	of	the	uptake	of	fluorodeoxyglucose	(FDG)	by	dy-
namic	positron	emission	 tomography	 (PET)16	and	BOLD	
signals	by	functional	MRI	(fMRI),	there	are	strong	and	sig-
nificant	spatial	correlations	between	FDG	uptakes	and	FC	
in	WM,	and	FC	is	associated	with	the	fractional	amplitude	
of	 low	 frequency	 fluctuations	 (FALFF)	 in	 the	BOLD	sig-
nals.	These	observations	lend	strong	support	to	the	notion	
that	BOLD	signal	fluctuations	in	WM	are	linked	to	neural	
activities	through	local	variations	in	glucose	metabolism.

2 |  METHODS

A	 schematic	 diagram	 of	 data	 analysis	 for	 this	 study	 is	
shown	 in	 Figure  1.	 Procedures	 of	 data	 collections	 were	
reviewed	 by	 the	 Monash	 University	 Human	 Research	
Ethics	 Committee,	 following	 the	 Australian	 National	
Statement	of	Ethical	Conduct	in	Human	Research	(2007).	
Participants	provided	 informed	consent	 to	participate	 in	
the	 study.	 Administration	 of	 ionizing	 radiation	 was	 ap-
proved	by	the	Monash	Health	Principal	Medical	Physicist,	
following	the	Australian	Radiation	Protection	and	Nuclear	
Safety	Agency	Code	of	Practice	(2005).

2.1 | Participants

The	subjects	in	the	current	study	included	25	right-	handed	
human	adults	(aged	18–	23 years,	18	F	and	7	M)	with	no	
diagnosed	 mental	 illness,	 diabetes,	 or	 cardiovascular	 ill-
ness.	Other	inclusion	and	exclusion	criteria	are	provided	
in	previous	reports.15,17

appeared	to	be	medium	to	strong	(r = 0.41	for	FC	vs.	FDG	uptake,	and	r = 0.65	
for	FALFF	vs.	FC).
Conclusion: This	study	indicates	that	BOLD	signals	in	WM	are	directly	related	
to	 variations	 in	 metabolic	 demand	 and	 engagement	 with	 cortical	 processing	
and	suggests	 they	should	be	 incorporated	 into	more	complete	models	of	brain	
function.

K E Y W O R D S
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2.2 | MR- PET imaging

Detailed	 imaging	 parameters	 and	 procedures	 can	 be	
found	elsewhere.17	Briefly,	each	participant	underwent	
a	95-	min	simultaneous	MRI-	PET	scan	in	a	supine	posi-
tion	in	a	Siemens	(Erlangen)	3T	Biograph	molecular	MR	
(mMR)	 scanner	 (Syngo	 VB20	 P).	 The	 infusion	 of	 [18F]	
FDG	(36 mL/h)	was	synchronized	with	the	start	of	PET	
acquisitions.	In	the	initial	30	min,	while	the	PET	signal	
rose	to	a	detectable	level,	only	non-	functional	MRI	scans	
were	 acquired,	 including	 T1	 3D	 MPRAGE,	 and	 some	
other	 scans	 that	 are	 not	 reported	 in	 this	 study.	 This	
procedure	was	followed	by	six	intervals	of	resting-	state	
PET-	fMRI,	 wherein	 each	 lasted	 for	 10  min	 and	 subse-
quently	went	through	a	series	of	processing	procedures,	
as	described	below.

2.3 | Preprocessing of PET

For	 each	 individual,	 motion	 correction	 was	 performed	
on	 225	 PET	 volumes	 using	 the	 realign	 module	 in	 SPM	
(https://www.fil.ion.ucl.ac.uk/spm/softw	are/spm12/)	

where	 the	 first	 volume	 was	 regarded	 as	 reference.	 Each	
of	the	realigned	PET	volumes	was	then	coregistered	to	the	
T1	weighted	image	of	the	same	individual.	Summing	these	
coregistered	volumes	produced	a	static	PET	image,	from	
which	measurements	of	FDG	uptakes	were	extracted.

2.4 | Preprocessing of resting state 
fMRI data

Resting	 state	 data	 preprocessing	 involved	 a	 few	 steps	 as	
follows.	 First,	 the	 fMRI	 images	 were	 corrected	 for	 slice	
timing	 and	 head	 motion.	 Second,	 T1	 weighted	 images	
were	 segmented	 into	 GM,	 WM,	 and	 cerebrospinal	 fluid	
(CSF)	using	SPM,	and	all	these	images	were	registered	to	
the	fMRI	data	space	of	each	individual.	Third,	mean	sig-
nals	 from	the	CSF	mask	were	regressed	out	as	nuisance	
covariates	 from	 the	 fMRI	 time	 series.	 Fourth,	 the	 fMRI	
data,	 along	with	 the	coregistered	 T1	weighted	 images	as	
well	as	the	GM	and	WM	segments,	were	normalized	into	
the	 Montreal	 Neurological	 Institute	 (MNI)	 space.	 Fifth,	
linear	trends	from	the	BOLD	images	were	removed	to	cor-
rect	for	signal	drift.

F I G U R E  1  Schematic	diagram	of	analysis	framework.	PET	recordings	are	processed	in	the	native	space	of	each	individual	subject,	
from	which	bFDG	is	derived	for	each	WM	bundle	by	referencing	the	JHU-	ICBM	WM	atlas	that	is	warped	into	the	subject	space.	Meanwhile,	
BOLD	signals	are	processed	in	the	MNI	space.	To	compute	bFC,	the	brain	is parcellated	into	48	WM	bundles	and	82	GM	regions,	using	the	
JHU-	ICBM	atlas	and	BAs	definitions,	respectively.	The	coefficient	of	Pearson	correlation	in	BOLD	time	series	between	each	pair	of	WM	
bundle	and	GM	region	is	calculated	to	obtain	a	WM-	GM	correlogram,	from	which	mean	bFC	of	each	WM	bundle	is	derived	by	averaging	
over	the	82	GM	regions.	A	second	measure	of	WM	function,	bFALFF,	is	derived	for	each	WM	bundle	directly	from	the	BOLD	time	series	by	
referencing	the	JHU-	ICBM	atlas.	Finally,	pair-	wise	correlations	are	sought	among	the	three	measures	derived

https://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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2.5 | Computation of FALFF

To	compute	FALFF,	we	defined	48	WM	bundle	templates	
based	 on	 the	 Johns	 Hopkins	 University-	International	
Consortium	 for	 Brain	 Mapping	 (JHU-	ICBM)	 WM	 atlas.	
These	WM	templates	were	multiplied	by	the	WM	segment	
obtained	 in	 the	 preceding	 step,	 which	 was	 thresholded	
at	 0.5	 and	 eroded for 3  mm to eliminate potential par-
tial volume effects from GM	 (see	Supporting	 Information	
Figure S4,	which	 is	available	online).	The	 time-	series	 in	
each	bundle	template	were	averaged,	and	the	average	was	
then	normalized	to	unit	variance	and	Fourier	transformed	
to	derive	the	power	spectrum.	The	FALFF	was	defined	to	
be	 the	 average	 of	 the	 square	 root	 of	 the	 low-	frequency	
power	spectrum	(0.01–	0.05 Hz)	divided	by	that	from	the	
full	frequency	range,	similarly	to	a	previous	study.18

2.6 | Computation of FC

Following	the	procedure	of	a	previous	study,6	a	set	of	time	
series	was	extracted	from	130	regions	of	 interest	 (ROIs),	
including	 82	 Brodmann	 areas	 (BAs)	 in	 GM	 and	 48	 WM	
bundles	(based on the eroded WM mask as above)	for	each	
subject.	Each	time	series	was	temporally	filtered	using	a	
bandpass	 filter	 (0.01–	0.1  Hz).	 Pearson	 correlations	 were	
calculated	for	the	time	series	of	each	pair	of	WM	and	GM	
regions.	This	resulted	in	an	82 × 48	FC	matrix,	from	which	
BA-	averaged	FC	was	computed	for	each	of	the	WM	bun-
dles	to	represent	its	overall	FC	profile.

2.7 | Computation of FDG uptake

The	FDG	uptake	was	computed	by	first	normalizing	the	
image	 intensity	of	 each	 static	PET	voxel	with	 the	global	
mean	of	the	entire	brain,	so	that	the	mean	value	of	the	en-
tire	brain	is	1.	Then	WM	bundle	templates	defined	above	
were	 warped	 back	 to	 each	 individual	 space	 of	 the	 PET	
data,	from	which	averaged	FDG	uptake	values	from	each	
bundle	were	obtained.

3 |  RESULTS

3.1 | Measurements of FC, FDG uptake, 
and FALFF

FC,	 FDG	 uptake,	 and	 FALFF	 measures	 were	 computed	
on	 the	 basis	 of	 individual	 WM	 bundles,	 which	 here	 are	
denoted	as	bFC,	bFDG	and	bFALFF.	As	shown	in	Table 1,	
average	 bFC,	 bFDG,	 and	 bFALFF	 values	 across	 all	 the	
bundles	and	subjects	studied	and	all	six	intervals	ranged	

from	−0.06	to	0.47	(0.27 ± 0.11),	0.47	to	1.00	(0.72 ± 0.15),	
and	 0.20	 to	 0.25	 (0.23  ±  0.01),	 respectively.	 Spatial	 dis-
tributions	of	bFC	and	bFDG	(see	 left	and	middle	panels	
in	 Figure  2A)	 were	 highly	 symmetrical,	 with	 a	 Pearson	
correlation	 coefficient	 of	 0.966	 and	 0.995,	 respectively,	
comparing	 the	 bilateral	 WM	 bundles.	 By	 comparison,	
the	inter-	hemispheric	similarity	of	bFALFF	distributions	
(see	the	right	panel	in	Figure 2A)	was	somewhat	reduced	
(r = 0.744).

3.2 | Correlations between 
bFC and bFDG

Pearson	correlations	between	bFC	and	bFDG	pooled	over	
all	 the	 WM	 bundles	 and	 subjects	 studied	 are	 shown	 in	
Figure  2B	 (left).	 As	 seen,	 bFC	 exhibited	 significant	 cor-
relation	with	bFDG,	which	was	highly	consistent	across	
the	six	fMRI	intervals	(r = 0.25 ± 0.02,	all	p < 0.001).	bFC	
was	also	found	to	correlate	significantly	with	bFALFF	for	
each	 session	 (r  =  0.41  ±  0.04,	 all	 p  <  0.001)	 (Figure  2B	

T A B L E  1  Summary	of	Pearson	correlations	between	the	three	
measure	pairs	for	each	of	the	six	fMRI	sessions

Session r p- value

bFC vs. bFDG

1 0.25 <0.001

2 0.26 <0.001

3 0.21 <0.001

4 0.26 <0.001

5 0.23 <0.001

6 0.28 <0.001

r	value	(mean ± SD) 0.25 ± 0.02 –	

bFALFF vs. bFC

1 0.40 <0.001

2 0.43 <0.001

3 0.45 <0.001

4 0.34 <0.001

5 0.46 <0.001

6 0.40 <0.001

r	value	(mean ± SD) 0.41 ± 0.04 –	

bFALFF vs. bFDG

1 0.12 0.002

2 0.17 <0.001

3 0.14 <0.001

4 0.07 0.08

5 0.10 0.01

6 0.11 0.006

r	value	(mean ± SD) 0.12 ± 0.03 –	



   | 1511GUO et al.

middle),	 likely	 because	 measures	 of	 FC	 are	 larger	 when	
BOLD	FALFF	increases	compared	to	physiological	noise.	
For	completeness,	Pearson	correlation	between	bFALFF	
and	bFDG	was	also	computed	(Figure 2B	right),	which	ap-
peared	to	be	weaker	and	had	only	five	of	the	six	sessions	
reaching	significance	(r = 0.12 ± 0.03,	all	p < 0.01	except	
for	session	4).

To	assess	the	amount	of	variance	in	a	dependent	vari-
able	explainable	by	a	predictor	variable	in	the	absence	of	
inter-	subject	variations,	a	linear	mixed	effects	model	was	
evaluated	 by	 treating	 the	 subject	 as	 a	 random	 effect	 in	
each	of	the	three	paired	comparisons.	The	p-	values	for	all	
the	three	models	were	<0.001,	and	the	R2-	adjusted = 17%,	
42%	and	8%,	respectively,	for	bFC	vs.	bFDG,	bFALFF	vs.	

bFC,	 and	 bFALFF	 vs.	 bFDG	 correlations	 (see	 Table  2).	
The	corresponding	coefficients	for	the	three	pairs	of	cor-
relations	were	0.41,	0.65	and	0.28,	respectively,	indicating	
the	existence	of	moderate	to	strong	correlations	between	
these	 measures	 when	 the	 random	 effects	 introduced	 by	
inter-	subject	variations	were	controlled.

3.3 | Assessments of partial volume 
effects in WM

To	 examine	 whether	 the	 observed	 correlation	 between	
bFC	and	bFDG	in	WM	was	corrupted	by	the	effects	of	par-
tial	volume	averaging	with	GM,	the	correlations	derived	
with	WM	masks	eroded	from	0	to	4 mm	were	compared	
(see	Figure 3).	It	can	be	seen	in	Table 3,	with	the	level	of	
erosions	increasing	from	0	to	3 mm,	the	correlation	varied	
from	 r  =  0.37  ±  0.03	 to	 0.25  ±  0.02.	 However,	 the	 cor-
relation	tended	to	stabilize	with	 further	erosions	of	WM	
masks.	This	trend	indicated	that	with	WM	masks	eroded	
at	 3  mm,	 the	 effects	 of	 partial	 volume	 averaging	 were	
quite	minimal	if	any.	Also	note	that	the	gradual	decrease	
in	the	correlation	coefficient	from	WM	mask	erosions	of	
1–	3 mm	may	be	due,	at	least	in	part,	to	the	density	gradi-
ent	of	interstitial	neurons	in	WM,	which	tend	to	be	more	
abundant	toward	the	superficial	WM	zone.19

F I G U R E  2  Distributions	of	bFC,	bFDG	and	bFALFF	measures	and	pairwise	correlations	between	them.	A,	Distributions	of	
average	bFC	(left),	bFDG	(middle),	and	bFALFF	(right)	in	selected	axial	slices	(see	Supporting	Information	Figures S1–	S3	for	full	brain	
distributions).	Note	that	for	visualization	purposes,	average	values	of	these	measures	are	mapped	to	the	original	atlas	with	no	WM	mask	
erosions.	Note	that	the	values	of	bFALFF	have	been	rescaled	from	the	original	range	of	[0.20,	0.25]	to	[0.40,	1]	for	enhanced	visualization.	
B,	Scatter	plots	of	linear	relationships	between	bFC	and	bFDG,	bFALFF	and	bFC,	and	bFALFF	and	bFDG.	Tight	regions	shaded	in	green	
illustrate	highly	consistent	linear	fitting	of	the	three	measure	pairs	across	six	fMRI	sessions

T A B L E  2  Summary	statistics	of	mixed	effect	models

Model parameters

Response

bFDG bFC bFDG

Fixed	effect bFC bFALFF bFALFF

Random	effect Subjects Subjects Subjects

R2-	adjusted 0.17 0.42 0.08

p-	value <0.001 <0.001 <0.001

Note: See	text	for	explanations.
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4 |  DISCUSSION

WM	 constitutes	 nearly	 half	 the	 volume	 of	 the	 human	
brain,	in	which	axonal	fibers	serve	as	information	conduits	
that	transmit	neural	activities	between	cortical	regions.	A	
complete	understanding	of	brain	functional	architecture,	
therefore,	requires	both	GM	and	WM	functions	be	taken	
into consideration,	which	have	important	implications	to	
FC	modeling	of	the	human	brain.	To	date,	such	modeling	
is	 almost	 exclusively	 based	 on	 FC	 among	 GM	 regions	
without	regard	to	 the	 functional	pathways	that	subserve	
GM	 function.20	 Physiologically,	 the	 diversity	 of	 brain	
functionality	derives	 from	the	diverse	patterns	of	axonal	
connections	in	WM,	with	each	specific	function	engaging	
a	distinct	set	of	connection pathways	underneath	the	cor-
tex. Peering	into	the	function	of	connection	pathways	in	
WM	and	 linking	 them	to	 those	of	GM	will	undoubtedly	
foster	a	more	complete	understanding	of	brain	functional	
organization	and	how	it	evolves	with	development,	aging,	
and	pathology.	This	essentially	shifts	the	paradigm	of	FC	

modeling	of	the	brain	from	the	current	partial	view	on	the	
sole	basis	of	GM	function	to	a	 full	brain	 functional	con-
nectomics.	 Perhaps	 more	 provocatively,	 a	 WM-	centric	
brain	connectome	may	be	constructed	with	WM	function	
wherein	GM	regions	serve	to	relay	and	transfer	informa-
tion	that	flows	in	WM	pathways;	this	could	not	only	yield	
unique	perspectives	on	brain	functions	unavailable	from	
existing	GM-	centric	analyses,	but	also	reveal	more	mecha-
nistic	insights	into	brain	disease	of	WM	origin.

As	mentioned	previously,	 there	have	been	several  re-
ports	 of	 successful	 detections	 of	 functional	 signals	 in	
WM	 using	 fMRI,21	 but	 their	 interpretation	 remains	 un-
clear.	It	has	been	recognized	that	BOLD	signals	in	GM	are	
correlated	 with	 local	 field	 potentials,22	 and	 much	 of	 the	
cortical	 energy	 consumption	 is	 accounted	 for	 by	 neural	
activity	of	a	type	not	found	in	WM.	Specifically	in	GM,23	
it	was	estimated	that	55%	of	the	total	ATP	used	on	action	
potentials,	 synaptic	 transmission,	 and	 the	 resting	 poten-
tials	of	neurons	and	glia,	was	consumed	by	the	pre-		and	
postsynaptic	mechanisms	involving	in	mediating	synaptic	
transmission.24	While	 in	WM	 far	 fewer	 synapses	 exist,25	
oligodendrocyte	 activities	 make	 up	 a	 significant	 portion	
of	 the	metabolic	demands.26	Thus,	 there	have	been	con-
cerns	as	to	whether	the	observed	fluctuations	in	WM	re-
flect	BOLD	effects	consequent	on	 transient	variations	 in	
metabolic	demand.	Interestingly,	subsequent	studies	have	
found	that	BOLD	signals	are	also	correlated	with	postsyn-
aptic	 spiking	 activity,	 which	 increases	 oxygen	 consump-
tion	 as	 well.27,28	 Direct	 measurements	 of	 metabolism	
promise	to	clarify	the	origins	of	MRI	signal	changes.	It	was	
found	earlier	that,	although	WM	has	about	one-	fourth	of	
the	vascular	density	of	GM,	the	oxygen	extraction	fraction	

F I G U R E  3  Effects	of	WM	mask	erosions	on	correlations	between	bFC	and	bFDG.	Linear	fittings	between	bFC	and	bFDG	and	
correlation	coefficients	at	the	levels	of	WM	mask	erosions	from	0	to	4 mm

T A B L E  3  Mean	and	SD	of	correlation	coefficient	across	six	
imaging	sessions	at	each	level	of	WM	mask	erosion

Level of erosion (mm)
Pearson correlation 
(mean ± SD)

0 0.37 ± 0.03

1 0.39 ± 0.03

2 0.32 ± 0.03

3 0.25 ± 0.02

4 0.24 ± 0.02
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is	 quite	 uniform	 throughout	 the	 brain	 parenchyma.29	 A	
combined	PET	and	 fMRI	study	 found	 that,	during	a	hy-
pocapnia	challenge,	BOLD	signals	 increased	 in	WM	but	
with	reduced	magnitudes	compared	to	GM,	an	effect	that	
was	largely	attributable	to	reduced	blood	flow	and	volume	
in	WM.30	Moreover,	 it	was	 recently	observed	 that	global	
glucose	 metabolic	 activities	 in	 WM,	 measured	 by	 FDG-	
PET,	vary	with	 the	 functional	state	of	 the	brain.31	These	
findings	suggest	 that	 the	blood	volume	and	oxygenation	
level	 in	 WM	 could	 also	 fluctuate	 with	 neural	 activities,	
thereby	producing	BOLD	effects	similar	but	smaller	than	
those	 found	 in	GM.	We	 therefore	analyzed	regional	glu-
cose	 metabolism	 using	 dynamic	 PET	 data	 and	 explored	
their	relations	with	BOLD	signals.	It	was	found	that	FC	in	
WM	bundles	is	significantly	correlated	with	local	metab-
olism	and	that	the	FC	is	associated	with	the	power	den-
sity	of	low	frequency	fluctuations	of	BOLD	signals.	These	
findings	support	the	notion	that	BOLD	signals	in	WM	are	
modulated	by	cortical	activities	and	reflect	local	metabolic	
variations	and	are	robustly	detectable.

In	this	work,	seemingly	low	adjusted-	R2	values	of	17%	for	
bFDG ~bFC	and	8%	for	bFDG ~ bFALFF	correlation	were	
observed	(In	our	companion	experiments	for	GM	with	the	
same	experiment	and	analysis	procedures,	the	adjusted-	R2	
values	for	these	correlations	were	found	to	be	13%	and	16%,	
not	 included	 in	 this	 brief	 communication).	 These	 corre-
sponded	 to	 Pearson	 correlation	 R	 values	 of	 0.41	 and	 0.28,	
respectively,	which	are	reasonably	good	given	the	existence	
of	 many	 confounds	 that	 could	 potentially	 reduce	 the	 un-
derlying	correlations,	 including,	e.g.,	different	 levels	of	 in-
strumental	imperfection	and	sensitivity	between	fMRI	and	
PET,	inadequacy	of	proposed	measures	to	fully	capture	the	
bona	fide	neural	activity	and	metabolism,	deviations	of	de-
fined	bundles	from	their	actual	anatomy,	interferences	from	
non-	neural	or	autonomic	physiological	activities,	and	 lim-
ited	signal	to	noise	ratio	of	acquired	signals,	to	name	a	few.	
Practically,	 this	 correlation	 level	 is	very	common	 in	many	
human	studies,	e.g.,	correlation	between	the	extent	of	cor-
onary	atherosclerosis	and	lipid	profile,32	and	the	correlation	
between	 biomarkers	 of	 Alzheimer	 disease	 and	 executive	
functioning	scores	in	brain	studyies.33

It	should	be	emphasized	that	both	PET	and	fMRI	are	
highly	susceptible	to	noise,34,35	particularly	in	WM	where	
metabolic	rates	and	hemodynamic	responses	are	much	re-
duced	as	compared	to	GM.	Thus,	it	can	be	anticipated	that	
correlations	 across	 the	 two	 imaging	 modalities	 with	 dif-
ferent	profiles	of	noise	sources	(and	signal	sensitivity)	are	
not	as	strong	as	those	within	the	same	imaging	modality	
(e.g.,	between	bFC	and	bFALFF),	and	those	involving	only	
WM	regions	(e.g.,	between	bFDG	and	bFALFF)	tend	to	be	
even	weaker.	It	is	also	worth	noting	that	bFALFF	may	be	
inversely	 related	 to	WM	transmission	efficiency.36	While	
this	phenomenon	has	energetics	benefits,	the	lower	WM	

BOLD	 fluctuations	 associated	 with	 increased	 transmis-
sion	efficiency	also	decreases	 the	SNR	 that	 tends	 to	add	
uncertainties	to	measured	activity	signals,	thereby	leading	
to	 a	 weaker	 correlation	 between	 bFDG	 and	 bFALFF	 as	
observed.	 By	 itself,	 bFALFF	 does	 not	 directly	 reflect	 the	
magnitudes	of	BOLD	fluctuations.

Finally,	 the	purpose	of	 this	study	was	to	demonstrate	
the	 relationship	 between	 BOLD	 signal	 fluctuations	 and	
local	 metabolism	 in	 WM.	 Admittedly,	 the	 simple	 linear	
model	of	mixed	effects	with	empirical	fMRI	and	PET	mea-
sures	 employed	 in	 this	 work	 is	 not	 able	 to	 fully	 capture	
the	complicated	relation	between	WM	hemodynamic	re-
sponses	and	metabolic	demands.	More	sophisticated	non-	
linear	models,	such	as	that	proposed	by	Tomasi	et	al.18	for	
analysis	of	energy	budget	for	FC	in	GM,	could	better	re-
veal	such	relation,	which	is	warranted	for	our	future	work.
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FIGURE S1	Distributions	of	bFC.	Bundle	values	are	aver-
aged	across	all	the	subjects	studied	and	all	six	imaging	ses-
sions,	and	are	superimposed	onto	the	anatomical	images	
in	the	MNI	space
FIGURE S2	Distributions	of	bFDG.	Bundle	values	are	av-
eraged	across	all	the	subjects	studied	and	all	six	imaging	
sessions,	and	are	superimposed	onto	 the	anatomical	 im-
ages	in	the	MNI	space
FIGURE S3	Distributions	of	bFALFF.	Bundle	values	are	
averaged	across	all	the	subjects	studied	and	all	six	imag-
ing	 sessions,	 and	are	 superimposed	onto	 the	anatomical	
images	in	the	MNI	space.	Note	that	the	values	of	bFALFF	
have	been	rescaled	from	the	original	range	of	[0.20,	0.25]	
to	[0.40,	1]	for	enhanced	visualization
FIGURE S4	 Illustrations	 of	 WM	 masks	 before	 erosion	
(A),	after	erosion	of	1 mm	(B),	2 mm	(C),	and	3 mm	(D).	
3D	renderings	are	 shown	 in	 the	 right	 three	columns	 for	
sagittal,	coronal	and	axial	views
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