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Summary		
The	 most	 widespread	 measures	 of	 human	 brain	 activity	 are	 the	 blood	 oxygen	 level	 dependent	
(BOLD)	 signal	 and	 surface	 field	 potential.	 These	 measures	 provide	 complementary	 information	
about	 human	 brain	 activity.	 To	 develop	 an	 understanding	 of	 how	 to	 interpret	 these	 signals,	 we	
developed	a	model	of	 (a)	neuronal	population	 responses,	 and	 (b)	 transformations	 from	neuronal	
responses	into	the	fMRI	BOLD	signal	and	electrocorticographic	(ECoG)	field	potential.	Rather	than	
seeking	 a	 transformation	 between	 signals	 directly,	 this	 approach	 interprets	 each	 measure	 with	
respect	to	the	underlying	neuronal	population	responses.	Our	model	accounts	for	the	relationship	
between	BOLD	and	ECoG	data	 from	human	visual	 cortex	 (V1-V3),	matching	 in	 three	ways:	BOLD	
and	 ECoG	 broadband	 were	 positively	 correlated,	 BOLD	 and	 alpha	 (8-13Hz)	 were	 negatively	
correlated,	and	BOLD	and	narrowband	gamma	(30-80Hz)	did	not	correlate.	We	infer	that	features	
of	 the	 field	 potential	 that	 are	 uncorrelated	 with	 BOLD	 arise	 largely	 from	 changes	 in	 synchrony,	
rather	than	level,	of	neuronal	activity.	
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1.	Introduction	
Most	 measurements	 of	 activity	 in	 the	 living	 human	 brain	 arise	 from	 the	 responses	 of	 large	
populations	 of	 neurons,	 spanning	 the	millimeter	 scale	 of	 functional	magnetic	 resonance	 imaging	
(fMRI)	 and	 electrocorticography	 (ECoG)	 to	 the	 centimeter	 scale	 of	 electro-	 and	 magneto-
encephalography	 (EEG	 and	MEG).	 Integrating	 results	 across	 methods	 is	 challenging	 because	 the	
signals	measured	by	these	instruments	differ	in	spatial	and	temporal	sensitivity,	and	in	the	manner	
by	 which	 they	 combine	 the	 underlying	 neuronal	 population	 activity	 (Buzsaki	 et	 al.,	 2012;	
Hämäläinen	 et	 al.,	 1993;	 Logothetis	 and	 Wandell,	 2004).	 Differences	 in	 scale	 can	 be	 partially	
bridged	by	bringing	the	measurements	into	register.	For	example,	EEG	and	MEG	sensor	data	can	be	
projected	 to	 cortical	 sources	 subject	 to	 constraints	 from	 simultaneously	 recorded	 fMRI	 data	
(George	 et	 al.,	 1995)	 or	 from	 independent	 fMRI	 localizers	 (Cottereau	 et	 al.,	 2015),	 and	 ECoG	
electrodes	 can	 be	 aligned	 to	 a	 high	 resolution	 anatomical	 MRI	 image	 (Hermes	 et	 al.,	 2010)	 and	
compared	to	the	local	fMRI	signal.		

Yet	 even	when	electrophysiological	 and	 fMRI	data	 are	 spatially	 registered,	 striking	differences	 in	
the	 sensitivity	 to	 stimulus	 and	 task	 are	 often	 observed,	 indicating	 differences	 in	 how	 neuronal	
responses	contribute	to	the	measured	physiological	signals.	For	example,	the	fMRI	BOLD	signal	and	
EEG	evoked	potentials	differ	 in	which	brain	areas	are	most	 sensitive	 to	 visual	motion	 (area	MT+	
with	fMRI	(Huk	et	al.,	2001)	versus	V1	and	V3A	with	EEG	(Ales	and	Norcia,	2009)).	Within	the	same	
visual	area,	 fMRI	and	source-localized	EEG	evoked	potentials	can	show	different	effects	of	 task	 in	
similar	 experimental	 paradigms,	 such	 as	 the	 effect	 of	 spatial	 attention	 on	 the	 contrast	 response	
function	 (additive	 in	 fMRI	 (Pestilli	 et	 al.,	 2011),	multiplicative	 in	 EEG	 (Itthipuripat	 et	 al.,	 2014)).	
Even	when	 the	 spatial	 scale	 of	 the	 two	 signals	 is	 approximately	matched	 at	 acquisition,	 such	 as	
ECoG	electrodes	and	 fMRI	voxels	 (both	at	~2	mm),	systematically	different	patterns	of	responses	
can	be	obtained,	such	as	compressive	spatial	summation	in	fMRI	versus	nearly	linear	summation	in	
ECoG	 steady	 state	 potentials	 (but	 not	 ECoG	 broadband	 signals)	 (Winawer	 et	 al.,	 2013).	 Such	
fundamental	 functional	 differences	 cannot	 be	 explained	 by	 numerical	 measurement-to-
measurement	 transformations.	 	 Rather,	 these	 differences	 must	 reflect	 the	 fact	 that	 the	
measurements	 are	 based	 on	 different	 aspects	 of	 the	 neural	 population	 response.	 To	 explain	 the	
differences	 in	measurement	modalities	 requires	 a	 computational	 framework	 that	 derives	 each	 of	
these	signals	from	the	neuronal	responses.	

One	 approach	 toward	 developing	 such	 a	 framework	 has	 been	 to	 measure	 the	 BOLD	 signal	 and	
electrophysiological	 signals	 simultaneously,	 or	 separately	 but	 using	 the	 same	 stimulus	 and	 task	
conditions,	 and	 to	 ask	 how	 features	 of	 the	 electrophysiological	 response	 compare	 to	 the	 BOLD	
signal.	This	 approach	has	 revealed	 important	patterns,	 yet	 after	 several	decades	of	 careful	 study,	
some	apparent	discrepancies	remain.	A	number	of	studies	comparing	band-limited	power	 in	 field	
potential	recordings	to	the	BOLD	signal	have	shown	that	 increases	 in	power	between	30	and	100	
Hz	 (gamma	band)	are	more	highly	correlated	with	BOLD	amplitude	 than	power	changes	 in	other	
bands	(Goense	and	Logothetis,	2008;	Lachaux	et	al.,	2007;	Logothetis	et	al.,	2001;	Mukamel	et	al.,	
2005;	Niessing	et	al.,	2005;	Shmuel	et	al.,	2006).	Yet	power	changes	in	this	band	do	not	fully	account	
for	the	BOLD	signal:	very	large	power	changes	can	occur	in	the	gamma	band	without	a	measurable	
BOLD	signal	change	(Muthukumaraswamy	and	Singh,	2009;	Swettenham	et	al.,	2013),	and	power	
changes	in	lower	frequency	bands	can	be	correlated	with	the	BOLD	signal	independently	of	power	
changes	 in	 the	 gamma	 band	 (Harvey	 et	 al.,	 2013;	 Maier	 et	 al.,	 2008;	 Scheeringa	 et	 al.,	 2011;	
Scheeringa	 et	 al.,	 2016).	 It	 therefore	 cannot	 be	 the	 case	 that	 field	 potential	 power	 in	 the	 gamma	
band	is	a	general	predictor	of	BOLD,	even	if	the	two	measures	are	often	correlated.	Another	source	
of	disagreement	is	that	within	the	gamma	band,	some	reports	claim	that	BOLD	is	best	predicted	by	
synchronous	 (narrowband)	 signals	 (Niessing	 et	 al.,	 2005),	 and	 others	 claim	 that	 BOLD	 is	 best	
predicted	by	asynchronous	(broadband)	neural	signals	(Winawer	et	al.,	2013).	Moreover,	 in	some	
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cases,	 it	has	been	reported	that	no	feature	of	the	 local	 field	potential	predicts	the	 intrinsic	optical	
imaging	 signal	 (closely	 related	 to	 BOLD)	 as	 accurately	 as	 multiunit	 spiking	 activity	 (Lima	 et	 al.,	
2014).	 Consistent	with	 this	 claim,	 a	 comparison	 of	 both	motion	 and	 contrast	 response	 functions	
measured	with	 single	 units	 and	with	BOLD	 suggested	 a	 tight	 coupling	 between	BOLD	 and	 single	
unit	responses	(Heeger	et	al.,	2000;	Heeger	and	Ress,	2002;	Rees	et	al.,	2000).	To	our	knowledge,	
there	is	currently	no	single	model	linking	the	electrophysiological	and	BOLD	signals	that	accounts	
for	the	wide	range	of	empirical	results.	

The	 numerous	 studies	 correlating	 features	 of	 electrophysiological	 signals	 with	 BOLD	 provide	
constraints	in	interpreting	the	relationship	between	the	two	types	of	signals,	yet	the	approach	has	
not	led	to	a	general,	computational	solution.	We	argue	that	one	reason	that	correlation	studies	have	
not	 led	 to	 computational	 solutions	 is	 that	 any	 particular	 feature	 of	 the	 field	 potential	 could	 be	
caused	 by	 many	 possible	 neuronal	 population	 responses.	 For	 example,	 a	 flat	 field	 potential	
(minimal	 signal)	 could	 arise	 because	 there	 is	 little	 activity	 in	 the	 local	 neuronal	 population,	 or	 it	
could	 arise	 from	 a	 pair	 of	 neuronal	 sub-populations	 responding	 vigorously	 but	 in	 counterphase,	
resulting	in	cancellation	in	the	field	potential.	The	same	field	potential	in	the	two	situations	would	
be	accompanied	by	different	 levels	of	metabolic	demand	and	presumably	different	 levels	of	BOLD	
signal.	 Similarly,	 any	 particular	 BOLD	 measurement	 could	 be	 due	 to	 many	 different	 patterns	 of	
neural	 activity.	 For	 example,	 stimulation	 of	 a	 neuronal	 population	 that	 inhibits	 local	 spiking	 can	
cause	an	elevation	in	the	BOLD	signal	(Mathiesen	et	al.,	1998),	as	can	stimulation	of	an	excitatory	
population	 that	 increases	 the	 local	 spike	 rate	 (Lee	 et	 al.,	 2010).	 In	 short,	 there	 can	 be	 no	 single	
transfer	function	that	predicts	the	BOLD	signal	from	the	field	potential,	because	the	field	potential	
does	not	cause	 the	BOLD	signal;	 rather,	 the	neuronal	activity	gives	rise	 to	both	 the	 field	potential	
and	the	BOLD	signal.	

We	 propose	 that	 many	 of	 the	 different	 claims	 pertaining	 to	 the	 relationship	 between	 BOLD	
amplitude	 and	 features	 of	 the	 field	 potential	 can	 be	 accounted	 for	 by	 a	 modeling	 framework	 in	
which	BOLD	and	 field	potential	measurements	are	predicted	 from	simulated	neuronal	population	
activity,	 rather	 than	 by	 predicting	 the	 BOLD	 signal	 directly	 from	 the	 field	 potential	 (Figure	 1a	
versus	1b).	In	this	paper,	we	model	fMRI	and	ECoG	responses	in	two	stages,	one	stage	in	which	we	
simulate	 activity	 in	 a	 population	 of	 neurons,	 and	 a	 second	 stage	 in	 which	 we	 model	 the	
transformation	 from	 the	 population	 activity	 to	 the	 instrument	 measures.	 We	 then	 analyze	 the	
simulated	 instrument	measures	 in	precisely	 the	same	manner	 in	which	we	analyze	data	obtained	
from	fMRI	and	ECoG	measurement	of	visual	cortex.	By	design,	the	model	employs	a	minimal	set	of	
principles	governing	how	the	instruments	pool	neural	activity,	rather	than	a	biophysically	detailed	
description	 of	 neural	 and	 hemodynamic	 events,	 enabling	 us	 to	 ask	 whether	 this	 minimal	 set	 of	
principles,	 together	with	 simulated	 neuronal	 population	 activity,	 can	 simultaneously	 account	 for	
the	empirical	BOLD	and	ECoG	measurements.		

2.	Results	
We	first	present	an	analytic	framework	to	capture	basic	principles	of	how	the	BOLD	signal	and	the	
field	 potential	 pool	 neuronal	 signals	 across	 a	 population.	 Second,	 we	 apply	 this	 framework	 to	
predict	ECoG	and	BOLD	 responses,	 and	quantify	how	 the	 simulated	ECoG	data	 are	 related	 to	 the	
simulated	BOLD	data.	Third,	we	present	results	from	ECoG	and	fMRI	experiments	in	human	V1,	V2	
and	V3	and	assess	how	well	 the	predictions	 from	the	simulation	can	account	 for	 the	 relationship	
between	ECoG	and	BOLD	observed	in	the	data.		
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2.1	Relationship	between	LFP	and	BOLD:	analytic	framework	
The	fMRI	BOLD	signal	and	the	local	field	potential	(LFP)	measure	neuronal	population	activity	in	a	
fundamentally	different	manner.	The	goal	of	this	analytic	framework	is	to	capture	these	differences	
in	 simple	mathematical	 expressions,	 and	 from	 these	expressions	derive	 the	 relationship	between	
the	two	instrument	measurements.	We	purposely	omit	a	 large	number	of	biophysical	details	such	
as	cell	types,	neuronal	compartments,	the	dynamics	of	blood	flow,	and	so	forth,	both	for	tractability	
and	 in	 order	 to	 emphasize	 the	 basic	 principles	 of	 how	 different	 measures	 integrate	 neuronal	
activity.	 In	 the	 sections	 that	 follow,	 we	 then	 show	 that,	 when	 coupled	 to	 simulated	 neural	
responses,	 the	model	 can	 account	 for	many	 important	 patterns	 observed	 in	 fMRI	 and	ECoG	data	
from	human	visual	cortex.	

For	this	analytic	framework,	we	consider	how	a	population	of	n	neurons	responds	to	a	stimulus	or	
task	during	a	brief	epoch	(time	0	to	T),	assumed	to	be	on	the	order	of	a	second.	Each	neuron	will	
produce	 a	 time	 varying	 dendritic	 current,	 denoted	 as	 Ii(t)	 for	 the	 ith	 neuron,	 resulting	 from	 the	
trans-membrane	potential.	We	would	like	to	know	how	these	currents,	Ii(t),	relate	to	the	fMRI	BOLD	
signal	and	to	the	LFP	signal	measured	by	an	ECoG	electrode.		

We	assume	that	the	LFP	arises	primarily	from	dendritic	membrane	currents	(Buzsaki	et	al.,	2012).	
We	 ignore	 output	 spikes1.	 For	 the	 ith	 neuron,	 the	 contribution	 to	 the	 LFP	 is	 then	𝛼!  ×𝐼! 𝑡 .	 The	
constant	𝛼! 	depends	on	the	distance	and	orientation	of	the	neuron	with	respect	to	the	electrode,	as	
well	as	the	electrode’s	impedance.	For	simplicity,	we	assume	that	each	neuron	is	equidistant	from	
the	 electrode	 and	has	 the	 same	orientation,	 like	pyramidal	 neurons	perpendicular	 to	 the	 cortical	
surface,	and	therefore	its	contribution	to	the	electrode	measurement	is	scaled	by	the	same	constant,	
𝛼.	Because	currents	add,	the	LFP	time	series	will	sum	the	contribution	from	each	neuron,	

𝐿𝐹𝑃 𝑡 = 𝛼 ∙ 𝐼! 𝑡
!

!

  	 (Equation	1)	

Field	 potential	 recordings	 are	 usefully	 summarized	 as	 the	 power	 (or	 band-limited	 power)	 in	 the	
time	series	(Pesaran,	2008).	Here	we	summarize	the	LFP	response	within	a	short	time	window	as	
the	power	in	the	signal	summed	over	the	time	window	T:		

𝐿𝐹𝑃 𝑝𝑜𝑤𝑒𝑟 =  𝛼 ∙ 𝐼! 𝑡
!

!

!
!

!
𝑑𝑡	 (Equation	2)	

power	of	sum	

Importantly,	Equation	2	is	a	linear/	nonlinear	(L/N)	computation,	since	the	LFP	power	is	computed	
by	first	summing	the	signals	(L),	and	then	computing	the	power	(N).		

The	BOLD	signal	pools	neural	activity	 in	a	 fundamentally	different	manner	because	it	depends	on	
metabolic	demand	(e.g.,	for	reviews,	see	Logothetis	and	Wandell,	2004;	Raichle	and	Mintun,	2006).	
The	 metabolic	 demand	 of	 each	 neuron	 will	 increase	 if	 the	 cell	 depolarizes	 (excitation)	 or	
hyperpolarizes	(inhibition)	(Mathiesen	et	al.,	1998).	Hence	the	metabolic	demand	of	a	neuron	is	a	
nonlinear	 function	 of	 its	 membrane	 potential:	 either	 a	 positive	 or	 negative	 change	 in	 voltage	
relative	 to	 resting	 potential	 causes	 a	 current,	 thereby	 resulting	 in	 a	 positive	 metabolic	 demand.	

																																								 																					
1	Although	spikes	can	influence	the	LFP	(Zanos,	T.P.,	Mineault,	P.J.,	and	Pack,	C.C.	(2011).	Removal	of	spurious	correlations	
between	 spikes	 and	 local	 field	 potentials.	 J	 Neurophysiol	105,	 474-486.),	 it	 is	 generally	 thought	 that	 the	 influence	 is	
smaller	 than	 synaptic	 and	 dendritic	 currents	 (Buzsaki,	 G.,	 Anastassiou,	 C.A.,	 and	 Koch,	 C.	 (2012).	 The	 origin	 of	
extracellular	fields	and	currents--EEG,	ECoG,	LFP	and	spikes.	Nat	Rev	Neurosci	13,	407-420.),	and	including	spikes	would	
not	change	the	logic	of	our	arguments.	
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There	 are	 many	 possible	 nonlinear	 functions	 one	 could	 assume	 to	 summarize	 the	 metabolic	
demand	 from	the	dendritic	 time	series,	 such	as	 the	rectified	signal	 (absolute	value)	or	 the	power	
(squared	 signal).	 For	 tractability,	 we	 assume	 the	 metabolic	 demand	 of	 the	 ith	 neuron	 is	
proportional	 to	 the	 power	 in	 the	 time	 varying	 trans-membrane	 current,	 integrated	 over	 time:	
𝛽!×(𝑃𝑂𝑊𝐸𝑅(𝐼!(𝑡),	 or	 𝛽!× 𝐼!(𝑡)! 𝑑𝑡

!
! ,	 with	 𝛽! 	a	 scaling	 constant	 for	 the	 ith	 neuron.	 (Similar	

results	were	obtained	if	used	the	absolute	value	rather	than	the	power).	For	the	entire	population	
of	n	neurons,	we	then	assume	the	BOLD	signal	will	sum	the	metabolic	demand	of	each	neuron.	For	
simplicity	we	use	the	same	scaling	constant	for	each	neuron:	

𝐵𝑂𝐿𝐷 =  𝛽 ∙ 𝐼! 𝑡 ! 𝑑𝑡
!

!

!

!

	 (Equation	3)	

sum	of	power	

Importantly,	 Equation	 3	 is	 a	 nonlinear	 /	 linear	 (N/L)	 computation,	 since	 the	 power	 is	 computed	
first	 (N)	and	 then	 the	 signals	are	 summed	 (L),	opposite	 to	 the	order	of	operations	 for	 the	LFP	 in	
Equation	 3	 (Figure	 1)	 (Personal	 communication	 from	 David	 J	 Heeger).	 In	 other	 words,	 we	
approximate	 the	BOLD	 signal	 as	 the	 sum	of	 the	 power,	 and	 LFP	 as	 the	 power	 of	 the	 sum,	 of	 the	
separate	neuronal	time	series.	The	difference	in	the	order	of	operations	can	have	a	profound	effect	
on	 the	predicted	 signals,	 as	 in	 the	 simple	 example	
with	 2	 neurons	 depicted	 in	 Figure	 1c	 and	 1d.	 The	
BOLD	 signal	 pooled	 over	 the	 two	 neurons	 is	 the	
same	whether	the	time	series	from	the	two	neurons	
are	 in	 phase	 or	 out	 of	 phase,	 whereas	 the	 LFP	
power	 is	 large	 when	 the	 time	 series	 are	 in	 phase	
and	small	when	they	are	out	of	phase.		

	
Figure 1. Pooling with different orders of operations can 
have a large effect on measured brain signals. A) The 
approach to directly correlate LFP and BOLD data. B) 
Current approach to infer the LFP and BOLD from activity in 
a neuronal population. C) In this illustration the membrane 
potential of two neurons (x1 and x2) has the shape of a 
sinusoid with noise, and the sinusoid is in phase between 
the two neurons. In the simulated electrode measurement 
the signals are summed and the power is calculated 
(POWER(SUM) = 2.00). In the simulated measurement of 
metabolic demand, the power of each of these neurons is 
first calculated, and then summed across the neurons 
(SUM(POWER) = 1.01). Here, the POWER(SUM) > 
SUM(POWER). D) In this illustration the membrane potential 
of two neurons (x1 and x2) is the same as in panel C except 
that the two time series are in counterphase. Here, opposite 
from C), POWER(SUM) < SUM(POWER).  

	

	

These	approximations	allow	us	to	make	predictions	about	the	relation	between	LFP	and	BOLD.	By	
theorem,	we	know	that	the	power	of	the	sum	of	several	time	series	is	exactly	equal	to	the	sum	of	the	
power	 of	 each	 time	 series	 plus	 the	 sum	 of	 the	 cross-power	 between	 the	 different	 time	 series	
(Equation	4):		
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													Power	of	sum																								Sum	of	power																	Sum	of	cross-power	

(Equation	4)	

Applying	this	theorem	to	Equations	2	and	3	shows	the	relationship	between	our	model	of	BOLD	and	
LFP	power:	

𝐿𝐹𝑃 𝑝𝑜𝑤𝑒𝑟 =  𝛼 𝛽 ∙ 𝐵𝑂𝐿𝐷 +   𝛼 ∙ 𝐼!(𝑡) ∙ 𝐼!(𝑡) 𝑑𝑡
!

!

!

!!!

 	 (Equation	5)	

We	can	now	see	that	the	LFP	power	depends	on	two	quantities,	one	of	which	is	related	to	the	BOLD	
signal,	and	one	of	which	 is	unrelated	to	 the	BOLD	signal	 (Equation	5).	The	 first	 term	summarizes	
the	 total	 level	 of	 neural	 activity	 (summed	 across	 neurons),	 and	 the	 second	 term	 summarizes	 the	
relationship	between	neural	 time	series	(the	cross-power,	similar	 to	covariance).	 If	and	when	the	
second	term	tends	to	be	large	compared	to	the	first,	then	the	LFP	power	will	not	be	closely	related	
to	the	BOLD	signal.		

One	cannot	deduce	from	first	principles	whether	the	first	term	in	Equation	4	(summed	power)	or	
the	 second	 term	 (summed	 cross-power)	 will	 dominate.	 However,	 he	 number	 of	 elements	
contributing	 to	 the	 two	 terms	 is	 quite	 different:	 For	n	 neurons,	 the	 first	 term	 grows	with	n	 (the	
power	in	each	neuron’s	time	series),	whereas	the	second	term	grows	with	n2	(all	the	pairwise	cross-
powers).	Hence	if	there	is	any	appreciable	covariance,	then	the	LFP	power	will	be	dominated	by	the	
second	term,	and	the	correlation	with	BOLD	will	be	weak	(except	in	cases	where	the	cross-power	
and	power	are	highly	correlated).	

2.2	Relationship	between	LFP	and	BOLD:	simulated	experiments	
We	next	used	the	framework	above	to	compute	the	BOLD	and	LFP	signals	as	a	function	of	simulated	
neuronal	population	activity.		

2.2.1	Simulations	of	BOLD	and	LFP	responses	from	neuronal	population	activity		

Cortical	 neurons	 receive	 a	 large	 number	 of	 inputs	 from	 diverse	 cell	 types.	 We	 simulated	 three	
inputs	 to	 each	 neuron	 (Figure	 2a).	 Input	 1	 approximated	 Poisson-like	 spike	 arrivals	 (C1,	
‘Broadband’).	Input	2	was	a	high	frequency	oscillation,	peaked	between	40	and	60	Hz,	coordinated	
between	neurons	(C2,	‘Gamma’).	Input	3	was	a	low	frequency	inhibitory	signal,	8-12	Hz	(C3,	‘Alpha’).	
For	each	simulated	neuron	i,	the	total	input	C	on	each	trial	is	the	sum	of	these	three	signals	(Figure	
2b):	

𝐶! 𝑡 =  𝐶!! 𝑡  +  𝐶!! 𝑡 +  𝐶!! 𝑡  			 (Equation	6)	

We	then	passed	the	summed	input	in	each	neuron	through	a	leaky	integrator	to	produce	the	time-
varying	dendritic	current	for	that	neuron	(Ii,	Figure	2c):	

𝜏 ∙ 𝑑𝐼! 𝑑𝑡 = −𝐼! 𝑡 + 𝐶! 𝑡 		 (Equation	7)	

The	membrane	time	constant,	𝜏	reflects	the	time	dependence	of	the	trans-membrane	current	(Koch	
et	al.,	1996;	Miller	et	al.,	2009a).	In	total,	we	modeled	a	population	of	200	neurons,	each	of	which	
produced	a	one-second	time	series	on	each	trial.	To	match	the	design	of	our	ECoG	experiments,	a	
simulated	experiment	consisted	of	240	1-s	trials	(30	repeats	of	8	conditions).	Below	we	explain	(1)	
how	 the	 time	 series	was	 generated	 for	 each	 of	 the	 three	 types	 of	 inputs,	 and	 (2)	 how	 the	 input	
levels	varied	for	the	8	conditions.	
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Figure 2. Simulated model inputs. A) Three different inputs to each neuron were simulated: a broadband, random 
input with a small positive offset (𝐶!!), an oscillatory input with a time-scale of 40-60Hz (𝐶!!), and a negative input with 
a time-scale of 10 Hz (𝐶!!). The bottom panel shows the power spectra for each of the three inputs. B) The three 
inputs were summed in each neuron to produce the total input to the neuron (𝐶!). C) The total input was passed 
through a leaky integrator to produce the dendritic dipole current (𝐼!).  

Broadband	input	(C1).	Input	𝐶!	was	Gaussian	white	noise	with	a	 small	positive	bias.	The	Gaussian	
white	 noise	 approximates	 Poisson	 distributed	 spike	 arrivals,	 each	 of	 which	 produces	 a	 small	
positive	 or	 negative	 conductance	 change,	 corresponding	 to	 excitatory	 or	 inhibitory	 post-synaptic	
potentials.	 The	 small	 positive	 bias	 reflects	 the	 assumption	 of	 more	 excitatory	 than	 inhibitory	
synaptic	currents,	causing	a	net	depolarization.	Gaussian	white	noise	was	used	rather	than	Poisson	
distributed	 synaptic	 inputs	 for	 computational	 efficiency,	 but	 the	 pattern	 of	 results	 is	 similar	 for	
Poisson	 or	 Gaussian	 distributions.	With	𝐶!,	 we	 simulated	 high	 versus	 low	 rates	 of	 spike	 arrivals	
across	 simulation	 trials	 by	 using	 large	 versus	 small	 standard	 deviations	 of	 the	 Gaussian	
distributions.	 For	 all	 simulations,	 the	 coherence	 was	 zero	 between	 the	 200	 neurons	 in	 the	
population,	 meaning	 the	 time	 series	 in	 each	 neuron	 was	 independent	 except	 for	 chance	
correlations.	 This	white	noise	 input,	 after	 passing	 through	 leaky	 integration,	 results	 in	 an	output	
whose	 power	 spectral	 density	 declines	 with	 temporal	 frequency.	 When	 the	 level	 of	 this	 input	
increases	(higher	standard	deviation	of	the	noise	distribution),	the	result	is	a	broadband	elevation	
in	power	(Miller	et	al.,	2009a)	(Figure	3,	left	panel),	an	effect	that	can	be	observed	in	the	local	field	
potential	(Henrie	and	Shapley,	2005)	as	well	as	intracellular	membrane	potentials	of	single	neurons	
in	awake	macaque	(Tan	et	al.,	2014).		

Gamma	input	(𝐶!).	 Input	𝐶!	consisted	 of	 band	pass	 noise	 (40-60	Hz),	with	 fixed	 amplitude	 on	 all	
trials,	and	with	coherence	across	neurons	that	varied	between	trials.	This	 input	approximates	the	
signals	 giving	 rise	 to	 narrowband	 gamma	 oscillations.	 Across	 different	 conditions,	we	 varied	 the	
coherence	 between	 neurons	 of	𝐶!	rather	 than	 the	 amplitude	 for	 individual	 neurons,	 which	 was	
fixed.	The	motivation	for	this	comes	from	empirical	observations	that	 large	gamma	oscillations	 in	
the	 LFP	 tend	 to	 reflect	 increased	 coherence	 between	neurons	 (Hasenstaub	 et	 al.,	 2005;	 Jia	 et	 al.,	
2013a).	 This	 is	 opposite	 to	 the	 broadband	 input	 (𝐶!),	 for	 which	 we	 varied	 the	 amplitude	 in	
individual	neurons	across	trials,	rather	than	the	synchrony	between	neurons.	Narrowband	gamma	
oscillations	with	a	peak	between	30	and	80	Hz	can	be	observed	in	the	local	field	potential	(Gray	et	
al.,	 1989;	 Gray	 and	 Singer,	 1989),	 as	 well	 as	 in	 the	membrane	 potential	 of	 individual	 pyramidal	
neurons	 (Perrenoud	 et	 al.,	 2016).	When	we	 increase	 the	 coherence	 of	𝐶!	in	 our	 simulations,	 the	
result	is	an	increase	in	the	amplitude	of	the	LFP	in	the	gamma	band	(Figure	3,	middle	panel),	much	
like	 narrowband	 gamma	 signals	 observed	 in	microelectrode	 recordings	 (Burns	 et	 al.,	 2011)	 and	
human	ECoG	(Hermes	et	al.,	2015b).	

Alpha	input	(𝐶!).	The	alpha	input	consisted	of	inhibitory	oscillations	at	approximately	10	Hz,	with	
fixed	 coherence	 between	 neurons,	 and	 varying	 amplitude	 across	 trials.	 The	 oscillations	 were	
inhibitory,	 i.e.	 the	mean	 was	 below	 the	 resting	 potential	 (compare	𝐶!	versus	𝐶!	and	𝐶!	in	 Figure	
2a).	Because	𝐶!	was	inhibitory,	it	results	in	hyperpolarization	(or	less	depolarization),	opposite	the	
effect	 of	𝐶!,	 which	 resulted	 in	 depolarization.	 This	 input	 approximates	 the	 signals	 giving	 rise	 to	

C C C

+ +

Signal I ii i i
1 2 3

i

=

5  50 1005  50 1005  50 1005  50 1005  50 100

A) B) C)
C

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted October 28, 2016. ; https://doi.org/10.1101/083840doi: bioRxiv preprint 

https://doi.org/10.1101/083840
http://creativecommons.org/licenses/by-nc-nd/4.0/


	 Neural	Synchrony	and	BOLD,	2016-08-15	
	

	 8	

alpha	 oscillations	 (Figure	 3,	 right	 panel).	 Pyramidal	 neurons	 in	 visual	 cortex	 have	 been	
hypothesized	 to	 receive	 periodic	 inhibition,	with	 pulses	 arriving	 at	 approximately	 10	Hz	 (Jensen	
and	 Mazaheri,	 2010;	 Schalk,	 2015).	 Individual	 neurons	 in	 visual	 cortex	 can	 indeed	 show	
subthreshold	membrane	oscillations	at	frequencies	around	10	Hz	(Llinas	et	al.,	1991).		

	
Figure 3. Effect of varying simulated neural inputs on output spectra. Each panel shows the effect of 
manipulating one of the three neural inputs used in the simulations. For C1 (broadband), a high amplitude results in a 
broadband power elevation, evident in individual neurons. For C2 (gamma), a high coherence results in a narrowband 
power elevation when the field potential is summed over the population of 200 neurons. For C3 (alpha), a high 
amplitude results in a narrowband power elevation in the alpha band, evident in individual neurons. For each 
spectrum in each plot, 10 simulated trials were run. The plotted spectra are averaged across the 10 trials, and are 
computed from I(t), the time series after leaky integration of the inputs. 

From	the	neuronal	population	simulations,	we	computed	the	LFP	and	BOLD	signals	according	to	the	
equations	above	(section	“Relationship	between	LFP	and	BOLD:	analytic	framework”).	In	brief,	the	
LFP	was	computed	by	summing	the	trans-membrane	current	across	neurons	(Equation	1),	and	the	
BOLD	signal	was	computed	by	summing	the	power	across	neurons	(Equation	3).	The	BOLD	signal	
was	averaged	across	the	30	trials	with	the	same	condition.	The	LFP	time	series	was	transformed	to	
a	 power	 spectrum,	which	was	 averaged	 across	 the	 30	 repeated	 trials	 of	 the	 same	 condition.	 The	
average	power	spectrum	was	summarized	by	three	components:	elevation	in	broadband	power,	the	
power	of	narrowband	gamma	oscillations	(40-70	Hz),	and	the	power	of	alpha	oscillations	(8-12	Hz).		

The	 simulations	were	 structured	 to	 approximate	 the	 experimental	 design	 and	 the	 results	 of	 our	
ECoG	experiments	(Section	2.3).	In	brief,	in	the	ECoG	experiments,	there	were	four	grating	stimuli	
of	 different	 spatial	 frequencies,	 three	noise	patterns	with	different	power	 spectra,	 and	one	blank	
stimulus	 (mean	 luminance).	 For	 each	 of	 the	 8	 stimuli	 and	 each	 of	 22	 electrodes	 in	 V1-V3,	 we	
decomposed	 the	measured	 ECoG	 responses	 into	 the	 same	 three	 components	 computed	 from	 the	
simulations:		broadband,	narrowband	gamma,	and	alpha.		
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Figure 4. Inputs and outputs of simulations. A) The 8 different stimuli were defined by particular mixtures of the 
three types of input (C1, C2, C3).  The bar plots show the amplitude per neuron and the coherence across neurons for 
each of the 8 simulated stimuli. The output spectra were computed by summing the time series across the 200 
neurons, computing the power spectra on each trial, and averaging the power spectra across 30 repeated trials of the 
same stimulus. The colors of the traces match the colors of the 8 stimuli in the bar plots.  The spectra show 
broadband changes across all frequencies arising from C1, a peak around 50 Hz from C2, and a peak around 10 Hz 
from C3. The right panel shows the simulated and measured summary metrics for each of the 8 stimuli: alpha power 
(green), gamma power (magenta), and broadband (black). The simulated measures are derived from the spectra in 
the ‘Output spectra’ panel. The measured metrics are derived from a V1 electrode. The simulated and measured 
values are close by construction, since the inputs to the simulation were fitted to match the output spectral 
measurements from this electrode.  B) Same as A, except that the simulation was matched to a V2 electrode rather 
than a V1 electrode. 

The	 level	of	 the	 three	 inputs,	C1,	C2,	and	C3	were	determined	so	 that	 that	 the	simulated	summary	
metrics	(broadband,	gamma	and	alpha)	matched	the	measured	ECoG	summary	metrics	for	each	of	
the	8	conditions	 for	a	particular	electrode	(Figure	4).	 Importantly,	 the	determination	of	 the	 input	
levels	did	not	 take	 into	account	the	measured	BOLD	responses.	Hence	the	simulations	provided	a	
test:	if	the	inputs	were	chosen	to	produce	outputs	that	match	the	measured	ECoG	responses,	does	
the	simulated	BOLD	signal	accurately	predict	the	measured	BOLD	signal?		

We	first	review	two	simulations,	one	matched	to	ECoG	measurements	from	a	V1	electrode,	and	one	
matched	 to	 ECoG	 measurements	 from	 a	 V2	 electrode.	 We	 then	 summarize	 the	 results	 of	 22	
simulations	 corresponding	 to	 the	 22	 electrodes	 in	 V1-V3.	 As	 with	 the	 ECoG	 experiments,	 in	 the	
simulation	each	condition	was	repeated	30	times	for	240	trials.	
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2.2.2	Broadband	and	alpha	LFP,	but	not	gamma	LFP,	correlate	with	BOLD	

For	 each	 of	 the	 8	 stimuli	 in	 one	 simulation,	 we	 obtained	 4	 summary	 responses,	 a	 single	 BOLD	
amplitude	and	three	LFP	measures	(broadband,	gamma	and	alpha,	Figure	5A).	By	design,	the	values	
of	the	LFP	components	(but	not	BOLD)	were	close	to	the	values	measured	in	one	of	the	electrodes.	

	
Figure 5. Simulated correlation between BOLD and LFP. A) Schematic to show LFP summary metrics derived 
from spectra: broadband power elevation, narrowband gamma and alpha. Broadband was calculated by the increase 
in a 1/fn signal, gamma was calculated by fitting a Gaussian on top of the 1/fn line, and alpha was calculated as the 
difference from baseline in the alpha-frequency-range. B) The levels of C1, C2, C3, and were chosen for each of 8 
conditions to approximate the measurements of broadband, gamma, and alpha for 8 different stimuli from a V1 
electrode. Red dots indicate that inputs were matched to responses to a grating pattern, blue dots are matched to 
noise patterns, and black is matched to a blank stimulus. The correlation between broadband and simulated BOLD is 
high (left), whereas the correlations between gamma and BOLD (middle) and alpha and BOLD (right) are low. Error 
bars show the 68% confidence interval across bootstraps. C) Same as B except that inputs were chosen so that LFP 
measures matched ECoG data from a V2 electrode. Here, the correlation is high and positive between broadband 
and BOLD (left), low between gamma and BOLD (middle), and highly negative between alpha and BOLD (right).  

For	 Simulation	 1,	 we	 observed	 three	 patterns	 (Figure	 5B).	 First,	 the	 LFP	 broadband	 response	
correlated	highly	with	BOLD	(R2	=	0.87).	Second,	the	power	of	narrowband	gamma	oscillations	was	
weakly	correlated	with	BOLD	(R2	=	0.02),	and	third	alpha	oscillations	were	weakly	correlated	with	
BOLD	(R2	=	0.23).	In	this	simulation,	the	LFP	broadband	response	was	the	only	good	correlate	of	the	
BOLD	signal.	

In	Simulation	2,	 the	broadband	LFP	was	again	a	good	predictor	of	BOLD,	and	gamma	power	was	
again	 a	 poor	 predictor	 (Figure	 5C).	 Unlike	 Simulation	 1,	 the	 power	 of	 alpha	 oscillations	 was	
strongly	 negatively	 correlated	 with	 BOLD	 (R2	 =	 0.53).	 The	 stronger	 correlation	 between	 alpha	
oscillations	and	BOLD	was	not	due	to	a	difference	in	the	way	the	alpha	oscillations	were	simulated,	
nor	to	the	way	BOLD	was	computed	–	the	simulation	algorithm	and	the	analysis	code	extracting	the	
BOLD	 and	 LFP	 measures	 were	 identical.	 The	 observations	 from	 the	 two	 sets	 of	 simulations	
emphasize	 the	 fact	 that	 the	 identical	 mechanism	 that	 converts	 neural	 activity	 to	 BOLD	
(“neurovascular	 coupling”),	 modeled	 here	 as	 power	 in	 the	 time	 series	 summed	 across	 neurons	
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(Equation	3),	can	produce	very	different	correlations	between	BOLD	and	features	of	 the	LFP.	The	
two	sets	of	simulations	differed	only	in	the	neural	population	activity,	not	in	the	transfer	functions	
relating	 neural	 responses	 to	 instrument	 measurements.	 The	 higher	 correlation	 between	 alpha	
power	and	BOLD	in	Simulation	2	versus	1	is	due	to	the	fact	that	the	alpha	power	varied	more,	and	
the	broadband	power	varied	less,	across	the	8	stimuli	in	the	simulation.		

2.3	Relationship	between	ECoG	and	fMRI:	Data		
The	ECoG	responses,	 like	the	simulated	LFP	responses,	were	separated	into	three	components	for	
each	 stimulus	 condition	 in	 each	 electrode:	 a	 broadband	 component,	 a	 narrowband	 gamma	
component,	and	an	alpha	component.	The	separation	into	the	three	components	was	accomplished	
using	 the	 identical	analysis	code	as	 in	 the	simulated	data.	An	 important	 feature	of	 this	data	set	 is	
that	the	3	components	of	 the	ECoG	response	showed	different	patterns	across	stimuli	(Hermes	et	
al.,	2015b):	 stimuli	 comprised	of	noise	patterns	caused	 large	broadband	 increases	but	 little	 to	no	
measureable	 narrowband	 gamma	 response,	 whereas	 grating	 stimuli	 elicited	 both	 broadband	
increases	 and	 narrowband	 gamma	 increases.	 Gratings	 and	 noise	 stimuli	 resulted	 in	 decreases	 in	
alpha	 power	 compared	 to	 baseline	 (Supplementary	 Figure	 S1).	 Had	 all	 three	 responses	 been	
correlated	with	 each	 other,	 it	 would	 not	 be	 possible	 to	 infer	 how	 each	 relates	 separately	 to	 the	
BOLD	signal.	

We	measured	 BOLD	 responses	 in	 4	 healthy	 subjects	 to	 the	 same	 visual	 stimuli	 as	 used	 in	 ECoG	
(subjects	are	different	from	the	ECoG	subjects),	and	extracted	the	signal	from	regions	of	interest	in	
visual	cortex	matched	to	the	previously	recorded	ECoG	electrode	locations	(Supplementary	Figure	
S2	and	S3).	 Combining	 the	ECoG	and	BOLD	data	 sets	 enabled	us	 to	 summarize	 the	data	with	 the	
same	 four	measures	 for	 each	 stimulus	 that	we	used	 to	 summarize	 the	 simulation:	 a	 single	BOLD	
response	and	three	ECoG	component	responses.		

	
	
Figure 6. Measured correlation between ECoG and BOLD in V1 and V2/V3. A) The correlation between ECoG 
and BOLD was calculated for electrodes in V1 and V2/V3. The locations of one sample electrode in V1 and one in V2 
are indicated by the enlarged white discs on the cortical surface for subject 1. B) In a foveal V1 site, the broadband 
ECoG amplitude predicted the BOLD signal (left). Error bars show 68% confidence intervals across bootstraps. 
Narrowband gamma power (center) and alpha power (right) did not predict BOLD. C) In a V2 site, the broadband 
ECoG was weakly correlated with BOLD (left). Narrowband gamma did not predict BOLD (middle). Alpha was 
negatively correlated with BOLD (right). The schematic spectral plots beneath the scatter plots illustrate the three 
ECoG components. Scatter plots for all other V1 and V2/V3 sites are shown in Supplementary Figure S5. 
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We	first	consider	the	V1	site	that	was	used	to	guide	the	input	 levels	for	Simulation	1	(Figure	6B).	
We	emphasize	that	the	BOLD	data	for	this	site	was	not	used	to	guide	the	simulation	(only	the	ECoG	
data	 were	 used).	 Three	 patterns	 relating	 the	 BOLD	 signal	 to	 the	 ECoG	 data	 for	 this	 site	 match	
Simulation	 1.	 First,	 the	 BOLD	 amplitude	 for	 the	 different	 stimuli	 was	 highly	 correlated	with	 the	
broadband	response	(R2	=	0.79).	Second,	the	narrowband	gamma	response	was	unrelated	to	BOLD	
(R2	=	0.04).	Third,	there	was	little	correlation	between	BOLD	and	alpha	power	(R2	=	0.02).	Hence,	as	
in	simulation	1,	only	broadband	power	was	a	good	predictor	of	BOLD	amplitude.	

A	different	pattern	was	found	in	the	V2/V3	data,	and	this	pattern	was	similar	to	that	observed	 in	
Simulation	2.	 	For	the	V2	site	guiding	Simulation	2,	the	correlation	between	BOLD	and	broadband	
was	 smaller	 than	 that	 found	 for	 the	 V1	 channel	 (R2	 =	 0.33),	 and	 the	 correlation	 between	 alpha	
power	and	BOLD	was	 stronger	 than	 for	V1,	 and	was	negative	 (R2	=	0.60).	Gamma	power	did	not	
correlate	with	BOLD,	similar	to	V1	data	and	to	Simulations	1	and	2.		

The	differences	 in	 the	BOLD/ECoG	 responses	 in	V1	 compared	 to	V2/V3	 could,	 in	 principle,	 arise	
either	 because	 the	 neurovascular	 coupling	mechanism	 differs	 between	 the	 two	 cortical	 areas,	 or	
because	the	neural	responses	for	these	particular	experimental	conditions	differ	 in	the	two	areas.	
While	we	do	not	have	access	to	the	neurovascular	coupling	mechanisms	nor	to	the	neural	response	
at	 the	 individual	 neuron	 level,	 we	 can	 compare	 the	measured	 ECoG	 responses	 in	 the	 two	 brain	
areas.	 We	 observe	 one	 large	 difference	 between	 V1	 and	 V2/V3,	 which	 is	 that	 the	 range	 of	
broadband	responses	elicited	by	the	different	stimuli	was	larger	for	V1	than	for	V2/V3:	the	average	
broadband	 increase	 above	 baseline	 was	 0.43	 log	 units	 for	 V1	 and	 0.26/0.28	 for	 V2/V3	
(Supplementary	 Figure	 S4).	 As	 shown	 in	 Simulations	 1	 and	 2,	 a	 difference	 in	 the	 neuronal	
population	 responses	 can	 result	 in	 a	 different	 pattern	 of	 response	 between	 features	 of	 the	 ECoG	
signal	and	the	BOLD	signal.		

2.4	Data	model	comparison		
In	the	example	V1	electrode	and	in	Simulation	1,	the	BOLD	signal	was	well	explained	by	broadband	
increases	(Figure	5B;	Figure	6B,	 left).	 In	 the	example	V2	electrode	and	 in	Simulation	2,	 the	BOLD	
signal	was	explained	by	both	broadband	increases	and	alpha	decreases	(Figure	5C,	Figure	6C).	By	
explicitly	 modeling	 both	 the	 population	 response	 and	 the	 population-to-instrument	
transformations,	we	see	that	a	difference	in	the	relation	between	instrument	measures	(BOLD	and	
ECoG)	can	arise	from	a	difference	in	the	population	response,	without	a	difference	in	neurovascular	
coupling.	We	now	ask	(1)	whether	these	effects	are	consistent	across	the	measured	V1	and	V2/V3	
electrodes,	 and	(2)	 how	 a	 multiple	 regression	 model	 using	 broadband,	 gamma	 and	 alpha	 as	
predictors	fits	the	BOLD	response	for	both	data	and	simulation.			

2.4.1	Predicting	the	BOLD	amplitude	from	features	of	the	LFP	

As	we	argued	in	the	Introduction,	we	believe	there	is	no	single,	general	transfer	function	that	can	
predict	 the	BOLD	signal	 from	 the	LFP.	Yet	a	 regression	model	 linking	 the	 two	measures	can	be	a	
useful	 way	 to	 summarize	 the	 results	 of	 a	 particular	 experiment	 or	 simulation,	 and	 to	 compare	
results	 between	 different	 experiments	 or	 simulations.	 Here,	 we	 fit	 several	 regression	models	 to	
each	simulation	and	to	the	data.	The	regression	models	predicted	the	simulated	or	measured	BOLD	
response	from	either	a	single	LFP	component	(broadband	power,	gamma	power,	or	alpha	power),	
or	 from	 combinations	 of	 LFP	 components	 (each	 of	 the	 pairwise	 combinations,	 and	 the	 3	
components	together).	These	models	were	fit	separately	for	each	of	the	9	electrodes	in	V1	and	each	
of	 the	 13	 electrodes	 in	 V2/V3	 (19	 electrodes	 from	 subject	 1;	 3	 from	 subject	 2),	 and	 for	 the	 22	
corresponding	simulations.	Accuracy	of	each	model	was	assessed	by	cross-validation.	With	a	cross-
validation	procedure,	there	is	no	advantage	in	accuracy	for	models	with	more	free	parameters.		
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Simulations.	For	the	simulations,	we	expect	broadband	power	to	positively	predict	the	BOLD	signal	
and	 alpha	 power	 to	 negatively	 predict	 the	 BOLD	 signal,	 because	 of	 the	 construction	 of	 the	
simulations:	broadband	and	alpha	power	elevations	were	achieved	by	increasing	the	level	of	inputs	
per	 neuron,	 rather	 than	 coherence;	 the	 converse	 was	 true	 for	 gamma.	 Nonetheless,	 solving	 the	
regression	models	can	be	 informative	because,	as	seen	 in	Figure	5,	 simulations	with	 the	 identical	
input	types	and	the	identical	analysis	can	lead	to	different	patterns,	depending	on	the	mixtures	of	
values	 simulated.	 Moreover,	 the	 regression	 analyses	 of	 the	 simulated	 data	 provide	 a	 baseline	
against	which	we	can	compare	the	regression	analyses	of	the	observed	data.	

The	 single	 parameter	 models	 across	 electrodes	 in	 V1	 and	 V2/V3	 show	 the	 same	 pattern	 as	 the	
single	electrode	examples	in	Figures	5	and	6.	For	simulations	fit	to	V1	ECoG	data,	broadband	alone	
was	a	good	predictor	of	BOLD	(average	cross	validated	R2=0.85	across	9	simulations)	while	gamma	
and	alpha	alone	were	not	 (gamma	R2	=	0.15,	alpha	R2	=	0.10).	For	simulations	 fit	 to	V2/V3	ECoG	
data,	 broadband	 and	 alpha	 alone	 each	 predicted	 the	 BOLD	 signal	 with	 moderate	 accuracy	
(broadband	R2	=	0.56,	alpha	R2	=	0.59).		

For	 simulations	 fit	 to	 V1	 and	 to	 V2/V3,	 the	 BOLD	 response	 was	 best	 explained	 by	 a	 regression	
model	 combining	 broadband	 and	 alpha	 (R2	 =	 0.95,	 R2	 =	 0.95,	 Figure	 7A	 and	 B).	 The	 regression	
coefficients	 for	 this	 model	 were	 positive	 for	 broadband	 and	 negative	 for	 alpha.	 A	 model	 that	
incorporated	all	 three	LFP	measures	–	broadband,	alpha	and	gamma	–	did	not	explain	additional	
variance	for	either	simulation,	confirming	our	earlier	observation	that	narrowband	gamma	power	
was	not	correlated	with	BOLD	amplitude	in	simulated	data.		
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Figure 7. Explained variance in the BOLD fMRI signal in the simulations and in data. A) Variance in the 
simulated BOLD signal explained by broadband, gamma and alpha changes in the simulated LFP. The colored bars 
show the R2 for each of the 7 model types averaged across the 9 simulations fitted to V1 data. Error bars are 
standard error of the mean across the 9 simulations. The R2 was cross-validated (split between even and odd 
stimulus repetitions), to ensure that the R2 can be compared between models with different numbers of explanatory 
variables. Bottom: The regression coefficients show whether the broadband, gamma, and alpha signals were positive 
or negative predictors of the BOLD signal.  B) Same as A, but for the 13 simulations fitted to V2/V3 ECoG data. C) 
Same as A, but for measured BOLD and ECoG data averaged across the 9 V1 sites. The R2 was cross-validated 
(split between subjects for BOLD and stimulus repetitions for ECoG). A red * in the lower plot indicates whether 
regression coefficients differed significantly from zero by a t-test (p<0.05). D) Same as C, except for the 13 electrodes 
in V2/V3. (E) Simulated BOLD (x-axis) versus measured BOLD (y-axis) for the 9 V1 sites. Each color corresponds to 
one site. The R2 was computed separately for each of the 9 sites, and then averaged. (F) Same as E, but for V2/V3 
sites. 
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Data.	The	regression	analysis	between	the	measured	ECoG	and	BOLD	signal	in	V1	(Figure	7C)	was	
very	similar	to	the	regression	analysis	in	the	simulation	(Figure	7A).	The	observed	BOLD	signal,	like	
the	simulated	BOLD	signal,	was	best	predicted	by	a	combination	of	broadband	and	alpha	changes	
(R2	=	0.73).	While	narrowband	gamma	changes	were	modestly	predictive	of	the	BOLD	signal	across	
V1	 electrodes	 in	 a	 single	 parameter	model	 (R2=0.11),	 adding	 gamma	 as	 a	 predictor	 to	 either	 the	
broadband	only	model	(model	2	versus	model	1)	or	to	the	combined	broadband	and	alpha	model	
(model	7	versus	model	5)	led	to	a	slight	decrease	in	accuracy,	suggesting	that	any	predictive	power	
of	 gamma	 alone	 was	 probably	 due	 to	 correlation	 with	 the	 other	 ECoG	 predictors,	 rather	 than	 a	
direct	relationship	to	the	BOLD	signal.		

The	model	fits	of	the	measured	BOLD	signal	in	V2/V3	(Figure	7D)	were	qualitatively	similar	to	the	
model	fits	for	the	V2/V3	data	(Figure	7B),	though	with	some	quantitative	differences.	The	observed	
BOLD	signal,	like	the	simulated	BOLD	signal,	was	best	predicted	by	a	combination	of	broadband	and	
alpha	changes	(R2=	0.50)	(see	also	Supplementary	Figure	S6).	As	with	V1,	narrowband	gamma	 in	
V2/V3	did	not	explain	additional	variance	 in	 the	BOLD	signal.	Overall,	compared	to	V1,	 the	BOLD	
signal	 in	 V2/V3	 was	 less	 accurately	 predicted	 by	 the	 regression	 models	 based	 on	 the	
electrophysiological	measurements	(Figure	7D),	and	was	also	less	well	predicted	by	the	simulated	
BOLD	responses	(average	R2	of	35%)		(Figure	7F).		

Finally,	we	directly	compared	the	BOLD	responses	predicted	in	the	simulations	with	the	measured	
BOLD	data.	These	were	in	good	agreement,	with	the	BOLD	data	in	the	simulations	accounting	for	an	
average	of	73%	of	the	variance	in	the	measured	data	in	V1	and	40%	in	V2	(R2	averaged	across	sites)	
(Figure	7E-F).	

Across	simulations	and	data	sets,	a	general	pattern	emerges.	The	broadband	signal	was	significantly	
and	positively	predictive	of	BOLD,	and	alpha	power	was	significantly	and	negatively	predictive	of	
BOLD.	Narrowband	gamma	had	no	consistent	relation	with	BOLD.	While	the	relationships	between	
broadband	 and	 BOLD	 and	 alpha	 power	 and	 BOLD	were	 consistent	 in	 terms	 of	 sign	 (the	 former	
positive,	 the	 latter	 negative),	 the	 level	 was	 not	 always	 the	 same.	 As	 we	 noted	 in	 the	 example	
channels	shown	in	Figure	7,	the	broadband	power	was	more	strongly	predictive	of	BOLD	in	V1,	and	
alpha	power	was	more	strongly	predictive	of	BOLD	in	V2/V3.	An	examination	of	responses	to	the	
different	 stimulus	 types	clarifies	 the	difference	between	V1	and	V2/V3	 in	 these	data.	Specifically,	
the	 BOLD	 response	 in	 V2/V3	 to	 noise	 patterns	was	 under-predicted	 by	 the	 broadband	 response	
alone	(Supplementary	Figure	S5).	 In	V2/V3	alpha	decreased	more	 for	 the	noise	patterns	and	 this	
alpha	decrease	accounted	for	the	BOLD	change	unexplained	by	broadband	(Supplementary	Figure	
S1).	This	helps	to	explain	why	a	model	that	 includes	broadband	and	alpha	is	much	more	accurate	
for	V2/V3	than	a	model	that	 includes	only	broadband.	In	contrast,	 for	V1	the	BOLD	response	was	
well	 predicted	 by	 broadband	 power	 in	 most	 sites,	 with	 little	 systematic	 prediction	 failures,	 and	
little	room	for	increased	model	accuracy	when	adding	predictors	such	as	alpha	power.		

For	 each	 of	 the	 22	 simulations,	 the	 three	 inputs	 C1,	 C2,	 and	 C3	 defining	 each	 of	 the	 8	 stimulus	
conditions	were	fit	to	produce	the	LFP	data	from	the	corresponding	ECoG	electrode.	By	design,	the	
C1	(broadband)	and	C3	(alpha)	inputs	were	fit	to	data	by	varying	the	 level	per	neuron,	whereas	C2	
was	fit	to	data	by	varying	the	coherence	across	neurons.	In	principle,	for	any	of	the	three	inputs,	the	
ECoG	data	could	have	been	fit	by	varying	either	the	level	per	neuron	or	coherence	across	neurons.		
For	 completeness,	 we	 tested	 the	 7	 alternative	 models	 (Supplementary	 Figure	 S7).	 The	 most	
accurate	 model,	 quantified	 as	 the	 R2	 between	 the	 measured	 BOLD	 and	 the	 simulated	 BOLD,	
averaged	 across	 the	 22	 sites,	was	 the	 simulation	 type	 used	 in	 the	main	 text,	 in	which	 C1	 and	 C3	
varied	 in	 the	 level	 per	 neuron	 and	 C2	 varied	 in	 the	 coherence	 across	 neurons.	 The	 simulation	 in	
which	broadband	coherence	rather	than	level	modulated	broadband	power	caused	a	large	drop	in	
R2,	The	models	 in	which	 the	gamma	LFP	power	was	modulated	by	 the	coherence	rather	 than	 the	
level	only	caused	a	small	drop	in	R2.	
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2.4.2	Correlation	between	BOLD	and	LFP	across	all	frequencies		

Simulation.	 In	 the	previous	section,	we	modeled	 the	BOLD	responses	as	a	 linear	 function	of	 three	
components	derived	from	the	LFP.	These	features	-	broadband	power,	narrowband	gamma	power,	
and	narrowband	alpha	power	-	are	summary	metrics	of	 the	power	spectrum.	We	also	tested	how	
the	power	at	each	frequency	in	the	simulated	LFP	and	in	the	ECoG	data	correlated	with	the	BOLD	
response	(simulated	and	observed).	We	calculated	LFP	power	for	each	frequency	from	1	to	200	Hz	
and	correlated	 the	power	changes	 from	baseline	with	BOLD	changes	 from	baseline	 (Figure	8).	 In	
simulations	fit	to	V1	ECoG	data,	the	LFP	correlated	well	with	the	BOLD	signal	across	all	frequencies	
except	those	in	the	alpha	band	(8-15	Hz)	and	below,	and	those	in	the	gamma	band	(40-60Hz).		

In	 simulations	 fit	 to	 V2/V3	 ECoG	 data,	 the	 pattern	 was	 similar,	 except	 that	 the	 correlation	 was	
negative	in	the	alpha	band	rather	than	0,	and	weaker	but	still	positive	in	the	rest	of	the	spectrum.	
These	patterns	match	the	summary	metrics	of	alpha,	gamma,	and	broadband	shown	in	Figure	7.		

	
Figure 8. The correlation between BOLD and LFP as a function of frequency. A) The correlation between LFP 
and BOLD for simulations fit to V1 shows that there is a positive correlation across most frequencies, except those 
including the alpha and gamma changes. B) The correlation between LFP and BOLD for the simulations fit to V2/V3 
shows that there is a strong negative correlation around 10 Hz, and a positive correlation across a broad range of 
frequencies. C) In the V1 data there was a positive correlation between ECoG and BOLD for a broad range of 
frequencies, except those including the alpha changes. Gray lines represent the 9 individual V1 electrodes, the black 
line is the average, the red line corresponds to the example electrode shown also in Figure 6B, and to the simulation 
in panel A. D) In the V2/V3 data there was a strong negative correlation between ECoG and BOLD in the alpha range 
around 10 Hz and a positive correlation between ECoG and BOLD for a broad range of frequencies. Gray lines 
represent the 13 individual V2/V3 electrodes, the black line is the average, the red line corresponds to the example 
electrode shown also in Figure 6C, and to the simulation plotted in panel B. Note that neither the V1 electrodes nor 
the V2/V3 electrodes show a peak at the gamma frequency. 

Data.	The	correlation	between	measured	BOLD	and	ECoG	power	in	V1	was	qualitatively	similar	to	
that	found	in	simulations.	In	V1,	ECoG	responses	across	all	frequencies	except	the	alpha	band	were	
positively	correlated	with	the	BOLD	response	(Figure	8C),	consistent	with	the	regression	analyses	
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of	the	summary	metrics,	showing	that	broadband	ECoG	power	was	the	best	predictor	of	the	BOLD	
signal.			

The	pattern	of	correlation	between	ECoG	power	and	BOLD	in	V2/V3	was	similar	to	that	found	in	V1,	
although	the	overall	level	of	correlation	was	lower.	There	were	positive	correlations	between	ECoG	
and	 BOLD	 extending	 across	 most	 frequencies	 that	 were	 weaker	 than	 in	 V1,	 and	 there	 was	 a	
negative	correlation	for	most	sites	in	the	alpha	band.		

There	were	 some	 differences	 between	V1	 sites.	 For	 example,	 in	 two	 sites,	 the	 correlation	 across	
frequencies	dipped	in	the	gamma	band	(30-80Hz),	similar	to	simulated	data.	These	are	also	the	two	
sites	that	showed	the	largest	amplitude	gamma	responses	(sites	8	and	9	in	Supplementary	Figure	
S5).	 In	 other	 words,	 when	 cortical	 sites	 showed	 large	 gamma	 signals,	 these	 signals	 were	
uncorrelated	with	BOLD.	The	fact	that	in	7	V1	sites	there	was	a	positive	correlation	between	BOLD	
and	 LFP	 power	 spanning	 30-80	 Hz	 might	 seem	 inconsistent	 with	 our	 earlier	 observation	 that	
narrowband	 gamma	 power	 was	 not	 predictive	 of	 the	 BOLD	 signal	 in	 V1	 sites	 (Figure	 6	 and	 7).	
However,	 in	 this	analysis	 the	narrowband	and	broadband	power	are	not	modeled	separately	and	
the	positive	correlation	between	power	at	30-80	Hz	in	Figure	8	thus	likely	suggests	that	broadband	
power	extends	into	this	band,	since	broadband	changes	can	extend	across	all	frequencies	(Miller	et	
al.,	2009a;	Winawer	et	al.,	2013).	Therefore,	if	there	is	little	to	no	narrowband	response,	we	would	
expect	a	positive	correlation	between	BOLD	and	ECoG	throughout	all	frequencies.	

There	were	some	site-to-site	differences	in	the	correlation	between	alpha	and	BOLD.	For	example,	
some	 sites	 showed	 a	 positive	 correlation	 with	 BOLD	 in	 the	 alpha	 range,	 and	 others	 showed	 a	
negative	 correlation	 (Figure	8C).	 These	 site	 to	 site	 differences	depend	on	 the	 range	of	 responses	
evoked	by	stimuli.	For	example,	for	electrodes	in	which	stimuli	evoked	a	large	of	power	changes	in	
the	alpha	band,	alpha	was	more	strongly	correlated	with	BOLD.	Similarly,	 for	electrodes	 in	which	
stimuli	evoked	a	large	range	of	broadband	responses,	broadband	was	more	highly	correlated	with	
BOLD	(Supplementary	Figure	S8).	This	pattern	did	not	hold	for	narrowband	gamma	power	changes.				

3.	Discussion	
This	study	investigated	the	relationship	between	electrophysiological	and	BOLD	measurements	in	
human	visual	cortex.	Our	modeling	framework	decomposed	the	signals	into	two	stages,	a	first	stage	
in	 which	we	 simulated	 the	 neuronal	 population	 responses	 (dendritic	 time	 series),	 and	 a	 second	
stage	in	which	we	modeled	the	transfer	of	the	neuronal	time	series	to	the	BOLD	signal	and	the	field	
potential.	 This	 approach	 differs	 from	 the	 direct	 comparison	 of	 electrophysiological	 signals	 and	
BOLD.	The	explicit	 separation	 into	 stages	 clarified	both	a	 similarity	and	a	difference	between	 the	
BOLD	 amplitude	 and	 the	 field	 potential	 power:	 the	 two	 can	 be	 approximated	 as	 the	 same	
operations	on	the	neuronal	population	activity,	but	applied	in	a	different	order.	Specifically,	within	
a	 brief	window,	we	modeled	 the	 BOLD	 amplitude	 as	 the	 sum	of	 the	 power	 in	 the	 neuronal	 time	
series,	and	the	field	potential	as	the	power	of	the	sum	of	the	neuronal	time	series.	Because	the	order	
of	 operations	 differs,	 the	 two	 signals	 differ,	 and	 each	 is	 blind	 to	 particular	 distinctions	 in	 the	
neuronal	 activity.	 For	 example,	 the	 BOLD	 signal	 (according	 to	 our	 model)	 does	 not	 distinguish	
between	 synchronous	 and	 asynchronous	 neural	 signals	 with	 the	 same	 total	 level	 of	 activity.	 In	
contrast,	the	field	potential	does	not	distinguish	counterphase	responses	from	no	response.	Even	if	
one	knew	the	exact	mechanism	of	neurovascular	coupling	and	the	precise	antenna	 function	of	an	
electrode,	 one	 still	 could	 not	 predict	 the	 relationship	 between	 the	 BOLD	 signal	 and	 the	 field	
potential	 without	 specifying	 the	 neuronal	 population	 activity	 that	 caused	 both.	 Hence	 the	
relationship	between	the	 two	types	of	signals	 is	not	 fixed,	but	rather	depends	on	the	structure	of	
the	underlying	responses	of	the	neuronal	population.		
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Although	we	do	not	have	access	to	the	complete	set	of	individual	neuronal	responses	in	any	of	our	
experiments	 in	 visual	 cortex,	 we	 approximated	 the	 responses	 by	 specifying	 the	 type	 of	 signals	
common	 to	 visual	 cortex.	 We	 therefore	 limited	 the	 space	 of	 neuronal	 population	 responses	 by	
modeling	the	activity	as	arising	from	three	types	of	signals,	enabling	us	to	compute	the	complete	set	
of	 field	 potentials	 and	 BOLD	 responses	 to	 a	 variety	 of	 conditions.	 Finally,	 we	 compared	 the	
simulated	patterns	of	BOLD	and	 field	potential	 responses	 to	 the	actual	 responses	we	observed	 in	
data	from	human	subjects.	These	patterns	are	discussed	and	interpreted	below.		

3.1	Changes	in	broadband	power	predict	BOLD	
Many	studies	have	 reported	correlations	between	BOLD	and	power	 in	 the	gamma	band	LFP	 (30-
130	Hz)	(review	for	human	studies:	(Ojemann	et	al.,	2013)).	Yet	changes	in	gamma	band	power	do	
not	reflect	a	single	biological	mechanism.	For	example,	several	recent	studies	have	emphasized	that	
LFP	 power	 changes	 in	 the	 gamma	 band	 reflect	 multiple	 distinct	 neural	 sources,	 including	
narrowband	oscillations	and	broadband	power	shifts,	with	very	different	stimulus	selectivity	and	
biological	origins	(Hermes	et	al.,	2015a;	Hermes	et	al.,	2015b;	Ray	and	Maunsell,	2011).		

Broadband	 changes	 have	 been	 proposed	 to	 reflect,	 approximately,	 the	 total	 level	 of	 Poisson	
distributed	spiking	(or	spike	arrivals)	in	a	local	patch	of	cortex	(Miller	et	al.,	2009a).	In	contrast,	the	
narrowband	gamma	response	is	caused	by	neural	activity	with	a	high	level	of	cell-to-cell	synchrony	
(Singer,	1999)	and	likely	depends	on	specialized	circuitry	(Buzsaki	and	Wang,	2012).	While	the	two	
responses	are	sometimes	distinguished	as	‘high	gamma’	(referring	to	broadband	signals),	and	‘low	
gamma’	 (referring	 to	 oscillatory	 signals),	 this	 distinction	 is	 not	 general.	 Broadband	 signals	 can	
extend	into	low	frequencies	(Miller	et	al.,	2009b;	Winawer	et	al.,	2013)	so	that	the	two	signals	can	
overlap	 in	 frequency	 bands.	 Hence	 separating	 gamma	 band	 field	 potentials	 into	 an	 oscillatory	
component	and	a	broadband	(non-oscillatory)	component	is	not	reliably	accomplished	by	binning	
the	signals	into	two	temporal	frequency	bands,	one	low	and	one	high,	but	rather	requires	a	model-
based	 analysis,	 such	 as	 fitting	 the	 spectrum	 as	 the	 sum	 of	 a	 baseline	 power	 law	 (to	 capture	 the	
broadband	component)	and	a	log-Gaussian	bump	(to	capture	the	oscillatory	component)	(Hermes	
et	al.,	2015b).		

There	is	strong	experimental	support	for	the	idea	that	increases	in	broadband	LFP	power	primarily	
reflect	 increases	 in	 asynchronous	 neural	 activity	 rather	 than	 increases	 in	 coherence.	 First,	
experiments	 have	 shown	 that	 broadband	 power	 is	 correlated	 with	 multiunit	 spiking	 activity	
(Manning	et	al.,	2009;	Ray	and	Maunsell,	2011).	Second,	unlike	the	case	of	narrowband	gamma	LFP,	
changes	in	broadband	LFP	are	not	accompanied	by	changes	in	broadband	spike-field	coupling	((Jia	
et	 al.,	 2013a),	 their	 Figure	 1A-B).	 The	 possibility	 that	 neuronal	 synchrony	 sometimes	 affects	
broadband	 signals	 cannot	 be	 ruled	 out,	 for	 example	 as	 shown	 in	 cases	 of	 pharmacological	
manipulations	 in	 nonhuman	 primate	 (Musall	 et	 al.,	 2014).	 In	 such	 cases,	 there	 would	 not	 be	 a	
simple	relationship	between	broadband	power	and	BOLD.	

The	 prior	 literature	 has	 not	 shown	 definitively	whether	 broadband	 LFP,	 narrowband	 gamma,	 or	
both	predict	the	BOLD	signal.	The	first	study	that	directly	compared	simultaneously	recorded	BOLD	
and	electrophysiology	showed	that	both	LFP	power	in	the	gamma	frequency	range	(40-130	Hz)	and	
multi	unit	spiking	activity	(MUA)	predicted	the	BOLD	signal	(Logothetis	et	al.,	2001),	and	further,	
that	 when	 the	 LFP	 power	 diverged	 from	MUA,	 the	 gamma	 band	 LFP	 predicted	 the	 BOLD	 signal	
more	 accurately	 than	 did	 spiking.	 This	 study	 however	 did	 not	 separately	 test	 whether	 a	
narrowband	(oscillatory)	or	a	broadband	(non-oscillatory)	component	of	the	LFP	better	predicted	
the	BOLD	response.		

Other	 studies,	 too,	 have	 shown	 a	 variety	 of	 patterns	when	 correlating	 LFP	power	 changes	 in	 the	
gamma	band	with	BOLD.	Some	reported	that	BOLD	amplitude	correlates	with	narrowband	gamma	
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activity	(Niessing	et	al.,	2005),	while	others	showed	that	BOLD	correlates	with	broadband	changes	
(Winawer	 et	 al.,	 2013),	 and	many	did	not	 distinguish	narrowband	 from	broadband	power	 in	 the	
gamma	band	(Engell	et	al.,	2012).	Simultaneous	recordings	of	hemodynamic	and	neuronal	activity	
in	macaque	V1	showed	that	BOLD	signals	from	intrinsic	optical	images	can	occur	in	the	absence	of	
gamma	 band	 LFP	 changes	 (Sirotin	 and	 Das,	 2009),	 and	 that	 in	 some	 circumstances,	 multiunit	
activity	predicts	the	BOLD	signal	more	accurately	than	gamma	band	LFP	(Burns	et	al.,	2010;	Lima	et	
al.,	2014).		

Here	 we	 separately	 quantified	 the	 broadband	 power	 (spanning	 at	 least	 50-150	 Hz)	 and	
narrowband	 gamma	 power.	 We	 found	 that	 the	 amplitude	 of	 broadband	 changes	 accurately	
predicted	the	BOLD	signal	in	V1.	The	empirical	results	and	the	models	help	resolve	the	question	of	
why	 ‘high	gamma’	has	been	shown	to	correlate	with	BOLD,	and	 ‘low	gamma’	sometimes	does	not	
(Lima	et	al.,	2014).	The	 likely	reason	 is	unrelated	to	 the	difference	 in	 frequency	range,	nor	 to	 the	
size	of	the	spectral	perturbation	in	the	local	field	potential.	In	fact,	the	elevation	broadband	power	
is	relatively	small	(2	or	3	fold)	compared	to	the	elevation	in	power	often	observed	in	narrowband	
gamma	oscillations	(10	x	or	more)(Hermes	et	al.,	2015b).	Instead	“High	gamma”	is	predictive	of	the	
BOLD	 signal	 in	 many	 cases	 not	 because	 of	 the	 specific	 frequency	 range,	 but	 because	 this	 signal	
captures	the	level	of	asynchronous	neuronal	response;	this	signal	happens	to	be	most	clearly	visible	
in	 the	 high	 frequency	 range	 (>100	 Hz)	 where	 it	 is	 not	 masked	 by	 rhythmic	 lower	 frequency	
responses.	Hence	the	distinction	in	predicting	the	BOLD	response	is	not	about	“high”	versus	“low”	
gamma,	 but	 rather	 synchronous	 versus	 asynchronous	 responses,	 and	 the	 broadband	 signal,	
sometimes	labeled	high	gamma,	maps	onto	the	first	term	on	the	right	hand	side	of	Equation	4,	the	
portion	of	the	field	potential	measurement	which	sums	the	energy	demand	of	each	neuron.	

Our	 model	 fits	 and	 data	 support	 this	 view.	 When	 we	 captured	 the	 stimulus-related	 broadband	
response	by	simulating	a	change	 in	broadband	coherence	across	neurons	rather	 than	a	change	 in	
the	 level	 of	 response	 in	 each	 neuron,	 our	 predicted	 BOLD	 response	 was	 highly	 inaccurate	
(Supplementary	Figure	S7).	

3.2	Changes	in	narrowband	gamma	power	do	not	predict	BOLD	
In	contrast,	we	propose	that	 ‘low	gamma’	often	does	not	predict	the	BOLD	response	because	 ‘low	
gamma’	reflects	narrowband	oscillatory	processes,	which	 largely	arise	 from	a	change	 in	neuronal	
coherence	across	the	population	rather	than	a	change	in	the	level	of	neuronal	population	activity.	
This	corresponds	to	 the	second	term	in	 the	right	hand	side	of	Equation	4,	 the	portion	of	 the	 field	
potential	measurement	which	reflects	the	cross-power	arising	from	currents	 in	different	neurons,	
and	which	in	our	model	is	independent	of	the	signals	giving	rise	to	the	BOLD	signal.		

Our	results	and	model	do	not	argue	that	narrowband	gamma	oscillations	will	never	be	predictive	of	
the	BOLD	signal.	If	in	a	particular	experiment	narrowband	gamma	oscillations	were	to	co-vary	with	
broadband	increases,	we	would	expect	both	signals	to	correlate	with	BOLD.	This	might	occur	in	an	
experiment	 with	 gratings	 of	 different	 contrast;	 with	 increasing	 contrast	 narrowband	 gamma	
responses,	broadband	responses,	and	BOLD	responses	all	increase	(Jia	et	al.,	2013b;	Scheeringa	et	
al.,	2011)	and	all	3	measures	would	correlate	across	stimuli.	In	such	an	experiment,	if	narrowband	
gamma	 oscillations	 had	 a	 higher	 signal	 to	 noise	 ratio	 than	 the	 broadband	 response,	 then	 the	
oscillatory	signal	would	likely	show	a	higher	correlation	with	BOLD.	In	contrast,	when	the	choice	of	
stimulus	or	task	can	independently	modulate	broadband	power	and	gamma	oscillations	so	that	the	
two	LFP	measures	are	not	correlated,	as	in	the	experiments	presented	here	and	previously	(Hermes	
et	al.,	2015b),	then	gamma	oscillations	will	not	strongly	correlate	with	BOLD.			

Our	simulation	and	empirical	results	are	consistent	with	studies	which	varied	chromatic	contrast	
and	 spatial	 frequency,	 while	 measuring	 MEG	 and	 BOLD.	 These	 studies	 found	 that	 BOLD	 and	
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narrowband	gamma	activity	did	not	match	in	stimulus	specificity	(Muthukumaraswamy	and	Singh,	
2009;	 Swettenham	 et	 al.,	 2013).	 It	 is	 likely	 that	 these	 stimulus	 manipulations,	 like	 ours,	
independently	modulated	narrowband	gamma	power	and	broadband	power,	although	the	studies	
did	 not	 quantify	 broadband	 fields,	 which	 are	more	 challenging	 to	 measure	 with	 MEG	 than	 with	
ECoG	 (Dalal	 et	 al.,	 2009).	We	 speculate	 that	 broadband	 fields	 spanning	 the	 gamma	 range	would	
have	shown	a	higher	correlation	with	BOLD.		

3.3	Neuronal	synchrony	and	the	BOLD	signal	
In	our	model,	the	LFP	measures	are	highly	sensitive	to	neuronal	synchrony,	whereas	BOLD	is	not.	In	
our	simulations,	increases	in	neuronal	synchrony	drove	narrowband	gamma	oscillations	in	the	field	
potential.	There	are	other	 cases	of	population	activity	with	a	high	degree	of	neuronal	 synchrony.	
One	example	is	the	steady	state	evoked	potential	associated	with	a	periodic	stimulus	(first	reported	
by	Adrian	and	Matthews,	1934;	reviewed	by	Norcia	et	al.,	2015).	Previous	studies	have	described	
discrepancies	 between	 evoked	 potentials	 and	 the	 BOLD	 signal,	 such	 as	 in	 the	 case	 of	 spatial	
summation	(Winawer	et	al.,	2013),	directional	motion	selectivity	(Ales	and	Norcia,	2009;	Huk	et	al.,	
2001)	and	spatial	attention	(Itthipuripat	et	al.,	2014;	Pestilli	et	al.,	2011).	Our	modeling	framework	
suggests	that	the	neural	sources	generating	the	steady	state	potential	(synchronous	neural	activity)	
are	 likely	 to	 be	 only	 weakly	 related	 to	 the	 BOLD	 signal	 (depending	 largely	 on	 asynchronous	
signals),	as	these	sources	will	primarily	affect	the	second	term	on	the	right	hand	side	of	Equation	4	
(cross-power).	This	does	not	 imply	 that	 the	 two	measures	are	always	or	even	usually	discrepant;	
the	BOLD	 signal	 and	 steady	 state	potentials	 are	 likely	 to	 correlate	 any	 time	 that	 the	 steady	 state	
signals	correlate	with	other	measures	of	neural	activity.	When	measures	do	dissociate,	we	do	not	
conclude	that	one	measure	is	more	accurate;	 instead,	the	measures	offer	complementary	views	of	
the	population	activity,	emphasizing	the	degree	of	synchrony	or	the	average	level	of	the	response.	
An	intriguing	question	is	how	each	of	the	two	signals	contributes	to	perception	and	behavior.	

Neural	synchrony	can	also	emerge	without	being	time-locked	to	the	stimulus,	often	called	‘induced	
synchrony’	 or	 ‘induced	 oscillations’	 (Tallon-Baudry	 and	 Bertrand,	 1999).	 In	 our	 simulation,	 we	
assumed	 that	narrowband	gamma	LFP	 changes	were	 induced	by	 increases	 in	 synchrony	 between	
neurons,	and	not	by	changes	in	the	level	of	gamma	power	within	the	individual	neurons.	In	contrast,	
we	 assumed	 that	 broadband	 LFP	 increases	 were	 induced	 by	 increased	 broadband	 activity	 in	
individual	neurons,	and	not	by	increased	broadband	coherence	between	neurons.	(In	Equation	4,	a	
change	in	the	left	hand	side,	LFP	power	in	the	gamma	band,	can	be	produced	by	a	change	in	either	
the	first	or	second	term	on	the	right).	This	explains	why,	 in	our	simulation,	the	broadband	power	
was	 correlated	 with	 BOLD	 whereas	 the	 LFP	 gamma	 power	 was	 not,	 findings	 that	 were	 also	
confirmed	by	the	data.	Were	our	assumptions	justified?	

In	principle,	an	increase	in	narrowband	gamma	power	in	the	LFP	could	arise	because	the	neurons	
synchronize	 in	 the	 gamma	 band,	 or	 because	 ongoing	 gamma	 oscillations	 within	 each	 neuron	
increase	in	amplitude,	independent	of	coordination	between	neurons.	There	is	strong	experimental	
support	 for	 the	 former.	 Experiments	which	measure	both	 intracellular	membrane	potential	 from	
single	neurons	and	the	extracellular	LFP	show	that	when	there	 is	an	 increase	 in	narrowband	LFP	
gamma	power,	 the	 gamma	power	 from	 individual	neurons	becomes	more	 coherent	with	 the	LFP	
(Perrenoud	et	al.,	2016).	Moreover,	the	coherence	between	local	spiking	and	the	LFP	also	increases	
in	 the	 gamma	 band	 when	 LFP	 gamma	 power	 increases	 (Jia	 et	 al.,	 2013a).	 These	 results	 are	
consistent	with	our	assumption	that	a	significant	part	of	the	increase	in	gamma	LFP	power	arises	
from	a	change	 in	population	coherence.	To	our	knowledge,	 it	 is	not	 certain	whether	 there	 is	also	
some	 increase	 in	 the	 level	 of	 gamma	 signals	 within	 individual	 neurons	 when	 the	 narrowband	
gamma	 band	 LFP	 power	 changes.	 However,	 since	we	 can	 attribute	 a	 large	 part	 of	 the	 change	 in	
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gamma	LFP	to	a	change	in	coherence,	we	infer	that	we	can	only	attribute,	at	most,	a	small	part	of	
the	change	in	gamma	LFP	to	the	level	of	gamma	power	within	neurons.		

In	our	simulation,	we	made	 two	simple	but	extreme	assumptions.	First,	we	assumed	 that	gamma	
oscillations	 occur	 with	 no	 change	 in	 the	 total	 level	 of	 neural	 activity,	 and	 hence	 no	 change	 in	
metabolic	demand	or	BOLD.	Second,	we	assumed	that	broadband	responses	occur	with	no	change	
in	 neural	 synchrony.	 While	 these	 assumptions	 are	 likely	 incorrect	 at	 the	 limit,	 the	 simulations	
nonetheless	 captured	 the	 pattern	 of	 ECoG	 and	 fMRI	 results	 obtained	 in	 our	 datasets.	 Alternative	
models	 in	which	 the	 broadband	 response	was	 caused	 by	 a	 change	 in	 synchrony	were	much	 less	
accurate	(Supplementary	Figure	S7).	Models	in	which	gamma	responses	were	caused	by	a	change	
in	 level	were	only	 slightly	 less	 accurate,	 and	 cannot	be	 ruled	out	 entirely	 (Supplementary	Figure	
S7).	However	the	regression	models	fit	to	our	data	(Figure	7)	show	that	the	power	of	narrowband	
gamma	oscillations	does	not	predict	the	BOLD	response.	Hence	the	most	parsimonious	explanation	
is	that	these	responses	in	the	LFP	are	caused	in	large	part	by	changes	in	synchrony.	

3.4	DC	offsets	and	the	BOLD	signal	
Both	 our	 measurements	 and	 our	 simulations	 showed	 that	 broadband	 electrophysiological	
responses	 were	 related	 to,	 but	 did	 not	 fully	 account	 for,	 the	 BOLD	 signal.	 This	 was	 especially	
evident	 in	 Simulation	 2	 and	 extrastriate	 data	 (V2/V3).	 In	 these	 cases,	 the	 amplitude	 of	 low	
frequency	 oscillations	 (8-15	Hz)	was	 negatively	 correlated	with	 the	BOLD	 signal,	 independent	 of	
broadband	 signals.	Numerous	previous	 studies	have	 reported	 that	 low	 frequency	oscillations	 are	
anti-correlated	with	BOLD,	including	measurements	in	motor,	visual	and	language	areas	(Harvey	et	
al.,	2013;	Hermes	et	al.,	2012;	Hermes	et	al.,	2014;	Magri	et	al.,	2012;	Maier	et	al.,	2008;	Scheeringa	
et	 al.,	 2011).	 This	 result	 may	 appear	 to	 conflict	 with	 the	 prior	 discussion,	 since	 we	 argued	 that	
oscillations	(to	 the	degree	that	 they	reflect	neuronal	synchrony)	should	have	 little	 to	no	effect	on	
metabolic	 demand	 or	 the	 BOLD	 signal.	 It	 is	 therefore	 important	 to	 ask	 why	 low	 frequency	
oscillations	sometimes	correlate	with	the	BOLD	signal,	both	in	data	and	in	simulation.	

One	explanation	 is	 that	alpha	oscillations,	or	a	mechanism	which	generates	the	oscillations,	affect	
the	BOLD	signal	indirectly,	by	inhibiting	cortical	activity.		According	to	this	explanation,	an	increase	
in	alpha	power	results	in	a	decrease	in	local	spiking	activity	in	turn	reducing	metabolic	demand	and	
the	BOLD	 signal	 (Harris	 and	Thiele,	 2011).	 Alpha	 oscillations	may	 indeed	 co-occur	with	 reduced	
cortical	excitation	(Mazaheri	and	Jensen,	2010).	However,	if	this	coupling	between	alpha	power	and	
spiking	were	the	only	explanation	for	the	relationship	between	alpha	power	and	BOLD,	then	a	more	
direct	measure	of	neuronal	excitation,	 such	as	broadband	or	multiunit	activity,	would	adequately	
predict	the	BOLD	signal;	alpha	power	would	negatively	correlate	with	the	BOLD	signal,	but	would	
provide	no	additional	predictive	power.	Our	data	and	model	do	not	support	this	explanation,	as	we	
find	that	for	most	cortical	sites,	the	most	accurate	predictor	of	the	BOLD	signal	is	a	combined	model	
including	both	the	amplitude	of	alpha	oscillations	and	broadband	power.		

We	therefore	propose	that	in	addition	to	the	indirect	effect	of	modulating	cortical	excitability,	alpha	
oscillations	are	also	accompanied	by	a	DC	shift	 in	membrane	potential,	making	it	 less	depolarized	
(i.e.,	closer	to	the	equilibrium	potential),	and	this	shift	reduces	metabolic	demand.	Indirect	evidence	
for	a	DC	shift	comes	from	MEG	and	ECoG	studies	(Jensen	and	Mazaheri,	2010;	Mazaheri	and	Jensen,	
2008;	Schalk,	2015)	and	can	be	explained	by	a	simple	process:	if	alpha	oscillations	reflect	periodic	
inhibitory	 pulses,	 then	 on	 average	 they	 will	 cause	 a	 depolarization.	 If	 the	 neuron	 was	 slightly	
depolarized	 before	 the	 inhibitory	 alpha	 pulses,	 then	 the	 pulses	 would	 push	 the	 neuron	 toward	
equilibrium,	 and	 hence	 a	 lower	 energy	 state.	 In	 this	 view,	 large	 alpha	 oscillations	 reflect	 larger	
inhibitory	pulses,	and	hence	reducing	depolarization.	We	suggest	that	this	reduced	depolarization	
affects	 metabolic	 demand	 in	 two	 ways:	 by	 reducing	 spiking	 (as	 discussed	 above),	 and	 by	
maintaining	a	less	depolarized	state,	reducing	metabolic	demand.	In	our	model,	the	contribution	to	
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the	 BOLD	 signal	 from	 each	 neuron	 is	 the	 power	 in	 the	 time	 series	 (Equation	 3),	 and	 the	 mean	
contributes	to	power.	The	idea	that	a	DC	shift	in	the	membrane	potential	affects	metabolic	demand	
(in	addition	to	altering	excitability)	is	consistent	with	the	observation	that	slowly	changing	currents	
(<0.5	Hz)	correlate	with	BOLD	fluctuations	(Goense	and	Logothetis,	2008;	Raichle,	2010).		

3.5	 A	 single	 modeling	 framework	 accounts	 for	 patterns	 of	 LFP/BOLD	 correlations	
across	sites	
We	 found	 that	 the	 relationship	 between	 the	 BOLD	 signal	 and	 features	 of	 the	 ECoG	 data	 differed	
across	cortical	areas.	For	example,	broadband	changes	in	ECoG	responses	explained	more	variance	
in	the	BOLD	data	in	V1	than	in	V2/V3.	Conversely,	low	frequency	power	decreases	(alpha,	8-13Hz)	
explained	more	 variance	 in	 the	BOLD	 signal	 in	V2/V3	 than	 in	V1.	 In	 the	 absence	 of	 a	model,	we	
might	 have	 interpreted	 the	 results	 as	 evidence	 that	 neurovascular	 coupling	 differs	 across	 sites.	
Many	 previous	 studies	 have	 reported	 differences	 in	 the	 relation	 between	 LFP	 and	 BOLD	 as	 a	
function	of	 site	or	 condition,	 for	 example	between	 cortical	 and	 subcortical	 locations	 (Sloan	et	 al.,	
2010),	 across	 cortical	 regions	 (Conner	 et	 al.,	 2011;	 Huo	 et	 al.,	 2014),	 between	 cortical	 layers	
(Goense	et	al.,	2012),	and	as	a	function	of	medication	(Zaldivar	et	al.,	2014).	Here,	we	showed	that	a	
difference	 in	 the	 relationship	 between	 LFP	 and	 BOLD	 need	 not	 arise	 because	 of	 a	 difference	 in	
neurovascular	coupling.	In	our	results,	Simulations	1	and	2,	like	V1	compared	to	extrastriate	areas,	
showed	differences	in	the	relationship	between	LFP	and	BOLD,	yet	we	used	the	identical	model	of	
neurovascular	coupling	in	all	simulations.	The	systematic	differences	in	the	two	simulations	arose	
because	 of	 differences	 in	 the	 neuronal	 population	 activity,	 not	 because	 of	 differences	 in	
neurovascular	 coupling.	 While	 our	 results	 do	 not	 exclude	 the	 possibility	 of	 differences	 in	
neurovascular	coupling	across	locations	or	states	they	do	caution	against	interpreting	differences	in	
the	 relationship	between	 field	potentials	 and	BOLD	as	evidence	 for	a	difference	 in	neurovascular	
coupling,	since	they	show	that	a	single	model	can	account	for	a	variety	of	patterns.	More	generally,	
the	 V1	 versus	 V2/V3	 discrepancies	 bolster	 the	 argument	 that	 one	 cannot	 predict	 the	 exact	
relationship	 between	 BOLD	 and	 field	 potentials	 without	 also	 specifying	 the	 neuronal	 population	
activity.		

3.6	The	role	of	a	simple	model	in	understanding	the	relation	between	BOLD	and	LFP	
A	 complete	 description	 of	 the	 biophysical	 processes	 giving	 rise	 to	 the	 BOLD	 signal	 and	 the	 field	
potential	 is	 far	 beyond	 the	 scope	 of	 this	 paper,	 and	 is	 likely	 premature	 given	 the	 enormous	
complexity	 in	 the	 nervous	 system,	 the	 vascular	 system,	 and	 the	 coupling	 mechanisms	 between	
them.	Instead,	the	purpose	of	our	modeling	framework	was	to	first	begin	with	a	general	principle,	
namely	 that	 BOLD	 and	 field	 potentials	 sum	 neural	 activity	 according	 to	 a	 different	 sequence	 of	
operations;	 second,	 to	 instantiate	 this	 principle	 in	 simple	 mathematical	 rules;	 third,	 to	 combine	
these	rules	with	a	minimal	model	of	neural	population	activity;	and	 finally,	 to	ask	 to	what	extent	
such	 a	 model	 can	 account	 for	 the	 patterns	 in	 our	 data.	 Our	 model	 omits	 many	 biophysical	
components,	 such	 as	 compartmentalized	 neurons,	 multiple	 cell	 types	 and	 vessel	 types,	
neurotransmitters,	the	dynamics	of	blood	flow,	and	so	on,	and	hence	it	is	not	a	detailed	simulation	
of	the	nervous	system	or	vascular	system.	On	the	other	hand,	the	simplicity	of	the	model	facilitates	
an	 understanding	 derived	 from	 basic	 principles,	 similar	 to	 the	 advantages	 in	 building	
computational,	 rather	 than	biophysical,	models	of	neural	responses	(Carandini	and	Heeger,	2012;	
Heeger	et	al.,	1996;	Kay	et	al.,	2013b;	Wandell,	1995).	Both	types	of	models	and	empirical	studies	
are	valuable.	Here	we	emphasize	that	even	with	a	highly	simplified	model	of	the	BOLD	signal,	 the	
field	potential,	and	neuronal	population	activity,	we	are	able	to	reconcile	a	wide	range	of	findings	in	
a	complicated	and	technical	literature.	The	model	accounts	for	differences	in	how	broadband	field	
potentials	 and	 gamma	 oscillations	 relate	 to	 the	 BOLD	 signal.	 It	 can	 explain	 differences	 between	
cortical	 areas	 in	 the	 relationship	between	 field	potentials	 and	BOLD.	The	model	 also	provides	an	
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explanation	for	why	the	amplitude	of	alpha	rhythms	is	negatively	correlated	with	BOLD,	even	after	
accounting	for	the	relationship	between	broadband	signals	and	BOLD.		

3.7	Reproducible	computations	
To	test	competing	computational	theories	about	the	relation	between	the	visual	input,	the	LFP	and	
the	BOLD	response,	it	is	essential	to	make	sample	data	and	code	available	for	others	(Hermes	et	al.,	
2015a;	 Hermes	 et	 al.,	 2015b).	 Following	 standard	 practices	 of	 reproducible	 research	 (Axelrod,	
2014;	 Gavish	 and	 Donoho,	 2012;	 LeVeque	 et	 al.,	 2012),	 the	 Matlab	 code	 of	 the	 simulation,	 and	
sample	 data	 and	 code	 to	 reproduce	 the	 figures	 in	 this	 manuscript	 can	 be	 downloaded	 at	
https://github.com/WinawerLab/BOLD_LFP.		

3.8	Conclusions	
To	understand	how	the	electrophysiology	and	BOLD	responses	are	related,	it	is	necessary	to	specify	
both	 the	 manner	 in	 which	 population	 activity	 transfers	 to	 the	 two	 signals,	 and	 the	 neuronal	
population	activity	itself.	The	former	shows	that	the	covariance	between	neuronal	time	series	has	a	
large	 influence	 on	 the	 field	 potential	 and	 not	 the	 BOLD	 signal.	 Based	 on	 our	 simulations	 and	
empirical	results,	we	made	several	inferences	about	the	neuronal	population	responses	mediating	
the	BOLD	signal	and	the	LFP:	that	narrowband	gamma	oscillations	in	visual	cortex	likely	arise	more	
from	synchronization	of	neural	responses	than	a	change	in	level	of	the	neural	response,	and	hence	
have	a	large	influence	on	the	field	potential	and	little	influence	on	the	BOLD	signal;	that	responses	
which	 are	 asynchronous	 across	 neurons	manifest	 in	 broadband	 field	 potentials	 and	 an	 elevated	
BOLD	signal;	and	that	low	frequency	oscillations	observed	in	field	potentials	are	likely	accompanied	
by	a	widespread	hyperpolarization,	which	in	turn	reduces	metabolic	demand	and	the	BOLD	signal.	
Our	model-based	 approach	 brings	 us	 a	 step	 closer	 to	 a	 general	 solution	 to	 the	 question	 of	 how	
neural	activity	relates	to	the	BOLD	signal.				 	
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4.	Experimental	Procedures	

4.1	Simulated	neuronal	time	series	
Simulations	were	 computed	 for	 a	population	of	200	neurons.	Each	 simulation	 trial	was	1	 second	
long	with	millisecond	 sampling.	 The	 time	 series	 for	 each	 neuron	was	 derived	 by	 summing	 three	
inputs,	 each	 1	 second	 long,	 followed	by	 leaky	 integration	with	 a	 time	 scale	 of	 10	ms	 to	 simulate	
temporal	 integration	 in	 the	 dendrite	 (Figure	 2).	 Each	 simulation	 was	 fit	 to	 ECoG	 data	 from	 one	
electrode	 and	 consisted	 of	 240	 trials,	 8	 repeats	 of	 30	 stimulus	 conditions.	 A	 condition	 in	 the	
simulation	was	defined	by	 the	parameter	 settings	 for	 the	3	 inputs	 (Figure	4):	C1	 (broadband),	C2	
(gamma)	and	C3	 (alpha).	See	Supplementary	Methods	 for	details.	Variations	 in	 these	 three	 inputs	
resulted	 in	 power	 changes	 in	 the	broadband,	 gamma,	 and	 alpha	LFP.	 The	 inputs	were	 fit	 to	 data	
such	 the	 simulated	 LFP	 power	 changes	 matched	 the	 ECoG	 data	 power	 changes	 for	 a	 particular	
electrode	and	stimulus.	

4.2	Stimuli	and	task	
Stimuli	 for	 ECoG	 experiments	were	 reported	 previously	 (Hermes	 et	 al.,	 2015b).	 In	 brief,	 for	 one	
subject,	the	stimuli	came	from	8	classes	of	patterns	(30	exemplars	per	class,	20x20°),	including	high	
contrast	 vertical	 gratings	 (0.16,	 0.33,	0.65,	 or	 1.3	 cycles	 per	 degree	 square	wave)	 noise	 patterns	
(spectral	 power	 distributions	 of	𝑘/𝑓!,	𝑘/𝑓!,	and	𝑘/𝑓!),	 and	 a	 blank	 screen	 at	 mean	 luminance	
(Supplementary	methods	and	Supplementary	Figure	S2).	For	the	second	ECoG	subject,	there	were	
the	same	8	classes	as	well	as	two	other	stimulus	classes	–	a	high	contrast	white	noise	pattern	and	a	
plaid	at	0.65	cpd.	The	fMRI	subjects	had	the	same	10	stimulus	classes	as	the	second	ECoG	subject.	

4.3	ECoG	procedure	
ECoG	data	were	measured	 from	 two	 subjects	who	were	 implanted	with	 subdural	 electrodes	 (2.3	
mm	 diameter,	 AdTech	 Medical	 Instrument	 Corp)	 for	 clinical	 purposes	 at	 Stanford	 Hospital.	
Informed,	written	 consent	was	 obtained	 from	all	 subjects.	 ECoG	protocols	were	 approved	by	 the	
Stanford	 University	 IRB.	 In	 22	 channels	 in	 V1	 V2	 and	 V3,	 broadband	 and	 narrowband	 gamma	
responses	 were	 quantified	 as	 before	 (Hermes	 et	 al.,	 2015b),	 and	 alpha	 power	 changes	 were	
calculated	(see	Supplementary	Methods).	

4.4	fMRI	procedure	
Functional	 MRI	 data	 was	 measured	 from	 four	 subjects	 (3	 female,	 ages	 22-42)	 with	 normal	 or	
corrected-to-normal	vision	at	the	Center	for	Brain	Imaging	at	NYU.	Informed,	written	consent	was	
obtained	 from	 all	 subjects.	 The	 fMRI	 protocols	 were	 approved	 by	 the	 New	 York	 University	 IRB.	
Functional	 MRI	 data	 were	 preprocessed	 and	 analyzed	 using	 custom	 software	
(http://vistalab.stanford.edu/software)	(see	Supplementary	Methods).	Disc	ROIs	(radius	=	2	mm)	
were	 defined	 in	 fMRI	 subjects	 to	 match	 the	 position	 of	 the	 electrodes	 in	 ECoG	 subjects	 using	 a	
combination	 of	 anatomy,	 pRF	 centers,	 and	 visual	 field	 maps.	 The	 similarity	 between	 the	 ROI	
position	and	electrode	position	was	compared	via	visual	inspection	of	anatomical	images	and	pRF	
centers	(Supplementary	Figure	S3).	
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4.5	Predicting	fMRI	signals	directly	from	ECoG	models		
The	relationship	between	fMRI	and	ECoG	signals	was	analyzed	using	a	linear	regression	model.	The	
cross-validated	R2	was	used	as	a	metric	for	model	quality	and	the	regression	coefficients	were	used	
to	test	whether	ECoG	predictors	(broadband,	gamma	and	alpha)	had	a	positive	or	negative	relation	
with	BOLD	(also	see	Supplementary	Methods).	
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