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Abstract—Blood oxygen level dependent (BOLD)-functional
Magnetic Resonance Imaging (fMRI) is a widely used technique
to study brain function and physiology; however, significant
single-trial (ST) hemodynamic response variability in brain
responses to the same stimuli has been consistently reported. ST
variability is generally considered to be noise, since it corrodes
statistical analysis, but recent research suggest that ST variability
reflects information about underlying physiology and behavior.

In this work, BOLD-fMRI data were acquired at 7 Tesla con-
currently with physiological recordings, to test if ST variability
in response to visual stimuli is modulated by the respiratory and
cardiac cycles. A RETROICOR-cleaned signal time course was
extracted from a visual region of interest (ROI) defined by the a
localizer acquisition. In a first approach, trials were binned into
two groups according to their cardiac and respiratory cycles’
phases at lag times before and at stimulus onset. In a second
approach, the process is inverted: physiological phase trials are
binned according to HR parameters and a temporal clustering
criterion.

Our methods, despite different underlying hypotheses, yielded
consistent results. The main observation is that trial by trial
variability increases when inhaling around 3.6 to 2.8 seconds
before stimulus onset; whereas it decreases when exhaling at the
same time point. It is possible to speculate that there could be
differences in the HRF developed in response to a stimulus that
can be explained by the basal state of the vasculature; however
further research is need to test this hypothesis.

Index Terms—high field fMRI, slow event-related design, trial-
by-trial variability, physiological fluctuations, visual stimuli

I. INTRODUCTION

BOLD-fMRI, has been used to study the brain’s physi-
ology and function ever since it was first described in the
early 1990’s by Ogawa et al [1]. The underlying principle
of the BOLD effect resides on the ratio between oxy- and
deoxyhemoglobin that changes with neuronal activty. Since
oxy- and deoxyhemoglobin are diamagnetic and paramagnetic,
respectively, local differences in magnetic fields occur due to
this small different in magnetic susceptibilities [2]. Despite this
principle, there is still no complete description of the system
from neuronal activity to changes in blood oxygenation, in
which the BOLD signal is based upon, and fundamental gaps
in knowledge remain in its description. One of these was
identified in the late 1990s and became a relevant topic: the
variability of the BOLD hemodynamic response (HR) has been
a constant focus of discussion since the late 1990’s. HR refers
to the blood supply in response to neuronal activity, which was
found to vary even when exposed to the exact same external
stimuli.

Early work done by D’Esposito and Aguirre [3] con-
firmed that there was significant variability of the BOLD
hemodynamic response across subjects, as reported earlier by
other group [4]. This led to further work regarding BOLD
hemodynamic variability in in terms of its shape and latency
across cortical regions [5] [6] and also across voxels within
cortical regions [7].

Focusing on the visual pathway, Lewis et al demonstrated
that the HRs were consistently faster (lower TTP) and nar-
rower (lower FWHM) in subcortical areas compared to the
cortex [8].

More recently, a study by Provencher et al showed, using
ultrafast fMRI and susceptibility weighted imaging (SWI), that
the PA and TTP of both cPBR and iNBR, in response to
unilateral stimuli, together were positively correlated with the
Venule Density (VD) [9].
Duann et al were one of the first groups to report that the HR
also varied trial-by-trial in the primary visual cortex (V1) and
medial temporal visual area (MT/V5), posing the question of
reproducibility of the BOLD-fMRI technique [10].
Michael Fox et al introduced a consistent model to explain
trial-by-trial variability in their seminal paper [11]. Knowing
that spontaneous fluctuations in the left motor cortex (LMC)
correlated with those of the right motor cortex (RMC) [12],
they hypothesized that fluctuations in the RMC would explain
trial-by-trial variability in BOLD-fMRI brain responses mea-
sured in the LMC. They concluded that by subtracting the
time course of the ongoing activity at the RMC from the brain
response of the LMC, trial-by-trial activity was significantly
reduced.
A recent comprehensive paper by Mayhew et al brought a
new perspective to the question of trial-by-trial variability by
studying how global signals modulate trial-by-trial variability
[13]. A principal finding in this study was that the amplitude of
the cPBR and iNBR was positively correlated when analyzed
trial-by-trial at the subject level. The vast majority of the
subjects in the group showed this effect across both motor
and visual experiments. This contradicts the group average
result of a negative correlation between cPBR and iNBR which
is in agreement with the current literature. The authors also
reported that the global signal during task accounted for most
of the trial-by-trial variability when included as a co-variate in
a general linear model (GLM). This suggests that most trial-
by-trial variability arises from intrinsic vascular effects.

The above mentioned work converges on a relationship



between spontaneous fluctuations or vascular effects and trial-
by-trial variability. In this work we ask to which degree can
both these factors be influenced by the respiratory and cardiac
cycles, a possible root cause of the trial-by-trial variability.
Physiological fluctuations associated with the cardiovascular
and respiratory system’s activity are often considered as phys-
iological noise and may compromise the statistical analysis of
activation maps. Components of instantaneous physiological
noise need to be removed since they are related to arterial
pulsatility [14], localized to bigger vessels (veins and arteries)
[15]; as well as bulk movement of various organs involved in
the respiration process [16]. Slower fluctuations in respirator
volume have been shown to indirectly modulate CO2 [17];
and fluctuations in the cardiac rate have been shown to
significantly explain additional variance in the BOLD-fMRI
signal [18]. Instantaneous physiological noise is generally
removed following a RETROICOR approach [19].

In this work we investigate the relationship between respi-
ratory and cardiac cycles and trial by trial variability of the
BOLD-fMRI response to brief visual stimuli (the HRF), by
quantifying the physiological phases and directly relating them
to HRF parameters and other descriptors of trial variability.
The two following section describes the methods adopted for
data acquisition and subsequent analysis; results are presented
in section IV, and discussed in section V, along with final
remarks and future work.

II. DATA ACQUISITION AND PROCESSING

A. Data description

Imaging and physiological data was acquired at Cen-
tre d’Imagerie Biomédicale (CIBM) at the École Polytech-
nique Fédérale de Lausanne (EPFL) by Professor Patrı́cia
Figueiredo, Dr. João Jorge and Dr. Wietske van der Zwaag.
Data was gathered from 5 healthy subjects (3 male). MRI
data was acquired with a 7 Tesla Siemens system with a 32-
channel RF coil. A 3D, T1-weighted MP2RAGE sequence [20]
was used to acquire whole-brain structural images (acquisition
parameters in Table I).

TABLE I: Acquisition parameters for structural and functional
datasets.

Localizer CAIPI T1-w MP2RAGE
TR (ms) 2000 400 1000
Voxel size (x,y,z) [mm] 2x2x2 2x2x2 1x1x1
Image size (x,y,z) 106x106x30 106x88x60 256x320x320
No. of volumes 150 925 1

Two fMRI acquisitions were performed with different
paradigams and acquisition parameters (cf Table I):

1) Localizer data: Localizer partial Field of View (FOV)
BOLD fMRI images were acquired with 2D-EPI gradi-
ent echo sequence. Subjects were exposed to a stimulus
that follows the block design of 10.0s ON followed by
20.0s OFF; which is repeated 10 times.

2) CAIPI data: images were acquired with single-shot,
whole-brain gradient echo, 3D-EPI CAIPI [21] accelera-
tion sequence. Subjects were exposed to stimuli follow-
ing an event related design composed of 29.5 seconds
OFF, 0.5 second ON, which was repeated 12 times
(number of trials).

Respiratory and cardiac signal’s were monitored with ad-
equate equipment in the MRI scanner (a respiratory bellow
and a pulse oximeter, respectively), and acquired at a 50Hz
sampling rate, simultaneously with fMRI acquisition.

B. Data pre-processing

1) Functional Data: Both functional datasets were subject
to the exact pre-processing analysis pipeline for every subject
in FSL’s FEAT [22]. To account for subjects’ motion during
acquisition, motion correction with FSL’s MC FLIRT [23]
was performed. High pass temporal filtering with a cutoff
of 50 seconds was performed and spatial smoothing applied
with an isotropic Gaussian kernel with 3 mm at Full Width
at Half Maximum (FWHM). Figure 1 shows the registration
performed between localizer space and CAIPI space using
FSL’s Brain Boundary Registration (BBR) [24] [25].

2) Physiological Data: Peaks of the respiratory and cardiac
physiological recordings were detected in order to compute the
phases of these signals according to [16]:

φc(t) = 2π
t− t1
t2 − t1

(1)

φr(t) = π

∑b100x(t)/xmaxc
b=1 H(b)∑100

b=1H(b)
sgn

(
dx

dt
(t)

)
(2)

where t1 is the instant of the R-wave peak preceding t and
t2 the time of subsequent R-wave peak. The cardiac phase
goes from 0 to 2π, which represents the time since the last
R-wave peak. H(b) is a 100-bin histogram of the respiratory
signal x(t), while b.c is a floor operator and sign(.) is an
operator that obtains the signal of its input. The end of the
expiration has an assigned phase of 0 while peak inspiration
has a value of +

−π. Therefore, while exhaling the phase varies
from −π to 0 and, while inhaling, it varies from 0 to π.

C. Statistical Modelling

A GLM approach was used to model the fMRI-BOLD
response to visual stimuli both in the localizer and CAIPI
functional datasets. The model used to obtain the activation
masks in response to visual stimuli in the localizer functional
dataset is defined as a single regressor that represents the
convolution of the stimulus time course and a double-gamma
HRF. The temporal course y of each voxel is described as:

y(t) = βsLOCxsLOC(t) (3)

where xsLOC(t) is the predicted response and βsLOC is
the parameter estimate. The resulting activation z-score map
is shown, for axial slices, in red, for subject 1, in Figure 2.

In order to clean the data from instantaneous noise fluctua-
tions, we defined a GLM following a RETROICOR approach
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Fig. 1: Registration from localizer to CAIPI space. Red outlines are the boundaries between tissues of localizer images registered
to CAIPI space, superimposed on top of CAIPI images for subject 1 and for (left to right) the axial, coronal and saggital plane.

Fig. 2: Non adjacent axial slices of localizer activation maps
for subject 1. The thresholded zstat map is presented in colour
overlaid on the middle volume localizer image.

[19]. RETROICOR is a standard method that aims at sepa-
rating the effects of physiological instantaneous fluctuations
from the BOLD-fMRI signal. This method assumes that the
intensity in a pixel is corrupted by additive noise resulting
from cardiac and respiratory functions at every point in the
time course. The physiological noise component yσ(t) can be
expressed as a low order Fourier series expanded in terms of
the cardiac and respiratory phases:

yσ(t) =

M∑
m=1

acmcos(mφc(t)) + bcmsin(mφc(t))

+armcos(mφr(t)) + brmsin(mφr(t))

(4)

where m = 2 for the second order Fourier series, and the
superscripts on the series coefficients a and b refer to cardiac
or respiratory functions. This yields a total of 8 regressors that
can be included in a GLM in order to remove the cardiac and
respiratory components of noise from the BOLD-fMRI signal.

y(t) = βsCAIPIxsCAIPI(t) + βsTDxsTD(t)

+

4∑
i=1

βci x
c
i (t) +

4∑
i=1

βri x
r
i (t) + µ+ ξ

(5)

where xsCAIPI is the predicted response temporal course,
xsTD its time derivative, xci and xri are the i − th temporal
courses of the cardiac and respiratory regressors, respectively,
βci and βri are the i− th estimated parameters associated with
the regressors, µ is the mean of the signal and ξ is the residual
error. Each physiological regressor is represented, for subject
1 in the first 60 seconds, in Figure 3 and Figure 4.

The RETROICOR-cleaned signal from second order
RETROICOR models were computed on Matlab (version
R2016a) as described in equation (6) by subtracting the signal
contribution related to the cardiac and respiratory regressors
estimated with the RETROICOR method.

yclean = y −
4∑
i=1

βci x
c
i (t) +

4∑
i=1

βri x
r
i (t) (6)

-1

0

1
x
r1

-1

0

1
x
r2

-1

0

1
x
r3

0 10 20 30 40 50 60

Time (s)

-1

0

1
x
r4

Fig. 3: Example of time courses of respiratory regressors for
the first 60 seconds of image acquisition for subject 1.
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Fig. 4: Example of time courses of cardiac regressors for the
first 60 seconds of image acquisition for subject 1.

D. Region of interest

In this work we focus on the analysis of the response
to visual stimuli on the primary human visual cortex. A
localizer functional dataset was acquired with the objective
of determining a visual Region Of Interest (ROI), from which
we aim to extract each voxel’s time course and average them
spatially.
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For each subject we defined a visual ROI by applying a
threshold on the minimum z-scores of the localizer activation
maps resulting from the statistical modeling. Each subject
had different minimum z-scores threshold since our criteria
was defined in order to have consistent, anatomically similar
masks across subjects, with a sufficient number of voxels.
Table II summarizes the minimum z-scores used to threshold
each subject’s activation maps. After applying a threshold to
the localizer activation maps, the resulting mask is binarized
and registered to CAIPI space. For each subject, this localizer
visual mask is intersected with respective CAIPI activation
map to obtain the final primary visual cortex map. Table II
shows, for each subject, the number of voxels in the final
primary visual cortex map in CAIPI space. Figure 5 shows,
for subject 1, the raw CAIPI activation maps superimposed
with the final primary visual cortex map.

TABLE II: Z-scores used to threshold localizer activation
maps as well as no. of voxels of visual ROI after intersecting
localizer binarized mask in CAIPI space with CAIPI activation
map.

Subj.1 Subj.2 Subj.3 Subj.4 Subj.5
Z-score 6 13 6 11 12
No. voxels 1186 2824 949 2319 1860

Fig. 5: Non adjacent axial slices of CAIPI activation maps
(red) and the same maps masked with localizer thresholded
and registered to CAIPI space (green) overlaid on the middle
volume CAIPI image.

After obtaining the primary visual cortex mask, the time
courses associated to each voxel are extracted, for both models
(equations (5) and (6)), from the mask and averaged spatially
to obtain a single time course representing the BOLD-fMRI
response in the primary visual cortex. Finally, the signal
is converted to percent signal change, for each subject, by
dividing the signal time course by a baseline period defined
as the average of the first 10 seconds of acquisition. Figure 6
shows, for subject 1, a comparison between the pre-processed
signal and the RETROICOR-cleaned signal together with
stimulus timings.

E. Trial segmentation and HRF parameter estimation

In this work, trial by trial variability is an object of study,
therefore we need to segment the whole time course into
equally sized trials and estimate the HRF parameters for each
trial. A local regression using a weighted linear least squares
smoothing function was applied to the data before segmenting
the trials in order to better estimate the HRF parameters.
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Fig. 6: RETROICOR-cleaned signal and pre-processed signal
time courses for subject 1.

After smoothing, the time course is segmented into 12
trials, each with 30 seconds. For every subject and trial, the
peak amplitude and time to peak were identified from the
smoothed RETROICOR-cleaned signal time course. Figure 7
shows, the BOLD percent signal change for every trial and the
average time course of all trials (left), and same information
but represented in trial plot. The cardiac and respiratory phase
signals are also segmented into 12 trials, each with 30 seconds.

Table III shows the precise average TTP and PA values for
each subject as well as the average and standard deviation
(inside parenthesis in column 1 and 3) of these values at
group level. Column 2 and 4 show the average of the standard
deviation of each subjects’ PAs and TTPs, which represents
intra-subject variability.

TTP mean (s) TTP SD (s) PA mean (s) PA SD (s)
Subject 1 5.13 0.88 1.29 0.209
Subject 2 5.13 0.61 1.87 0.180
Subject 3 5.03 1.54 0.727 0.179
Subject 4 4.97 1.00 1.73 0.145
Subject 5 4.63 0.79 1.35 0.144
Mean (SD) 4.98 (0.206) 0.964 1.393 (0.447) 0.172

TABLE III: TTP and PA per subject and group average.
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Fig. 7: Trial by trials plots (left) and trial plots (right) for
subject 1.

III. METHODS

A. Trial binning based on physiological phases

The main hypothesis in this work is that the phases of
the cardiac and respiratory cycles influence the BOLD-fMRI
response before and at the moment of the stimulus by affecting
the neuronal and hemo dynamics. To test this hypothesis sep-
arately for the cardiac and respiratory influences, we divided
each subject’s trials based on the respective trial’s cardiac and
respiratory phases. This results into two groups (or bins) of
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trials binned according to cardiac phase and other two binned
according to respiratory phase. Each bin has an approximate
physiological meaning: respiratory phases belonging to bin 1
in the range of [−π, 0], corresponding to expiration, while bin
2 has phases from [0, π], corresponding to inspiration. In the
case of cardiac phases, each bin has a more loose definition:
bin 1 has phases in the range [0, π], which correspond,
approximately, to the systole; while bin 2 has phases from
[π, 2π] which correspond to the diastole.

One can bin the trials according to cardiac and respiratory
phases at the moment of stimuli, but also according to phases
lag times before the stimulus. Therefore, performing binning
across several lag times possibly provides information about
the dynamic changes of the relationship between the respira-
tory and cardiac cycles’ phases and the HR.

After binning the trials across lags, we trial averaged the
TTP and the PA to obtain the average HRF parameters for
every bin and for every lag. Besides the HRF parameters, a
distance metric that estimates how similar the trials in each bin
are relative to the other trials in the same bin, was defined. If
the respiratory and cardiac cycles have any influence on the
BOLD-fMRI response, then trials belonging to a certain bin
could have similar time courses, and, therefore, a low distance
value according to this metric. To quantitatively define this
we compute the euclidean distance between every trial’s time
course in a bin and the bin’s median time course (repeating
the procedure for every lag and subject). The above mentioned
steps to perform trial binning according to physiological
phases is depicted in Figure 8.

Trial 1 Trial 12…

Trial segmentation

Bin 1

Bin 2 Bin 2

0

2𝜋
𝜋 −𝜋/𝜋

Computation of selectively averaged 

trials and extraction of HRF parameters

Bin 1

Bin 2

Bin 1

Bin 2

0

0−𝜋/𝜋

Cardiac phase Respiratory phase

L
a

g
-0

.4
s

L
a

g
-5

.2
s

C
a
rd

ia
c

Trial 1

Trial 12

Trial binning according to cardiac and

respiratory phases

𝜋

R
e
s
p
ir
a
to

ry

Bin 1

TTP1 Bin 1

Bin 2TTP2

PA1

PA2

TTP1

TTP2

PA1

PA2

Bin 1

Bin 2

Trial 2

0

2𝜋

...

B
O

L
D

 a
m

p
lit

u
d
e

Response Time

R
e
s
p
ir
a
to

ry
p
h
a
s
e

C
a
rd

ia
c

p
h
a
s
e

R
e
s
p
ir
a
to

ry
 p

h
a
s
e

...

C
a
rd

ia
c

p
h
a
s
e

B
O

L
D

 a
m

p
lit

u
d
e

B
O

L
D

 a
m

p
lit

u
d
e

Time

Time

B
O

L
D

 a
m

p
lit

u
d
e

R
e
s
p
ir
a
to

ry
p
h
a
s
e

C
a
rd

ia
c

p
h
a
s
e

Time lag (s)
-10 -5 0 -10    0    10    20    30

-10 -5 0 -10    0    10    20    30

Response TimeTime lag (s)

Time lag (s)

Fig. 8: Schematic of trial binning based on physiological phase
method.

In order to analyze the results at the group level, we decided
to concatenate subject level data into group level. In the group
level analysis, trials belonging to bin 1 are concatenated with
other trials belonging to bin 1 from other subjects (the same
for bin 2).

There is a reason for this decision: given the low number
of trials (12) for each subject, the statistical power would
probably not be sufficient to perform analysis at subject level
and then simply report the relative number of subjects that
showed the effect. This method represents a possible limitation
to our study since the intra-subject ST variability and the
respective effect size of the hypothesis we are considering,
can be conditioned by inter-subject variability. Besides this,
a potential pattern found in group level analysis while per-
forming this type of concatenation, does not necessarily mean
every subject exhibits the exact pattern.

B. Trial binning based on HRF parameters and clustering

Until this point, trial binning was performed based on the
cardiac and respiratory phases; however one can test the idea
of inverting this method, that is, binning the cardiac and
respiratory phases according to the HRF parameters and a
clustering criterion (analogue to the distance metric).

In this case, the phases of cardiac and respiratory trials
are equally split, along lags, into bin 1 if the respective
HRF parameter is below the subject’s median, or into bin 2
if they are above subject’s median. The clustering criterion
is based on temporal k-means clustering of the trials time
course, which means that trials similar between each other will
belong to the same group (bin). Temporal k-means clustering
computes the euclidean distance between every trial’s time
course and assigns the trials into two groups while minimizing
the distance between trials inside each group.

In order to quantitatively define if binning the cardiac and
respiratory phases according to HRF parameters and distance
metric is a valid hypothesis, the PLV was computed for every
bin, lag and subject. The PLV is a measure of the coherence
or ”synchronization” of a group of phases. The hypothesis
is that binning the cardiac and respiratory phases according
to HRF parameters will result in greater similarity (greater
PLV) inside each bin than compared to when the phases are
randomly binned (lower PLV). The magnitude of the PLV is
mathematically defined as

PLV xmag =
1

N

∣∣∣∣∣
N∑
n=1

exp(iφxn)

∣∣∣∣∣ (7)

Where φxn are either cardiac or respiratory phases (distin-
guished by x = cardiac, respiratory) and N is the number
of phases in each. It is also possible to compute the phase
of the PLV which yields information about which point in the
cardiac and respiratory cycle exhibits a larger phase coherence.
It is mathematically defined as
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PLV xphase = arctan(img(

N∑
n=1

exp(iφx)), real(

N∑
n=1

exp(iφx)))

(8)
This method yields a single PLV (magnitude and phase) per

bin, lag and subject. These equations and other functions are
implemented in the widely adopted circular statistics Matlab
toolbox, CircStat [26], which was used throughout this work.

Subject level data is concatenated into group level with the
same method as used in Section III-A. To statistically validate
the magnitude of the PLV’s we performed a Rayleigh test
for uniformity [27]. This test is used to evaluate whether a
group of 30 phases is uniformly distributed across the circle
and it is accurate up to 3 decimal places for N >= 10. The
null hypothesis H0 assumes that there is no mean direction
(i.e. the data is uniformly distributed). The rejection of the
null hypothesis using the Rayleigh test means the data is not
uniformly distributed, which means the underlying distribution
is biased to a certain phase of PLV.

C. Statistical analysis using surrogate data

The hypothesis underlying the methods described in either
section III-A and III-B is that binning according to a criterion
would yield statistically different results than those obtained
when binning data randomly. To validate the results at group
level, surrogate data was generated and statistical tests per-
formed.

1) Trial binning based on physiological phases: When
binning the trials based on the cardiac and respiratory phases,
surrogate data is generated by randomly sampling 30 trials
(from a pool of all 60 trials of the group) for each bin and
lag, and then computing the average PA and TTP in each bin.
The process of generating surrogate data is repeated 10000
times for both HRF parameters.

The euclidean distance metric surrogate data is computed
first at the subject level, by computing the distance between
every trial in one bin of 6 randomly sampled trials (from the
pool of 12 trials of a certain subject) and the bin’s median
time course; this procedure is then repeated for every lag.
The reason this metric is calculated at the subject level first
is to avoid the influence of inter-subject variability. After
computing the distance metric, as described, for every subject,
the distance values are concatenated to group level, resulting
in 30 distance values per bin.

For both HRF parameters and distance metric, the median is
computed across the 30 trials for each surrogate data genera-
tion loop resulting in the estimated surrogate data distribution.
These distributions are shown in Figure 9 a) and b).

The null distribution of the HRF parameters is defined as
the difference between surrogate data bins (’Bin1’ and ’Bin2’
in Figure 9 a) and b)). From this null hypothesis distribution
we obtain its mean and standard deviation, allowing us to
compute a Z score: a measure that indicates how many
standard deviations a sample is relative to the mean of a
distribution, defined in equation (9).
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Fig. 9: Box plot of surrogate data distribution for HRF
parameters and distance metric.

Zxscore(j) =
(med(pxbin1(j))−med(pxbin2(j)))−meannull

stdnull
(9)

with p being HRF parameters computed for every trial (30
values), j = 1, 2, ..., 13 being the lags and x representing
Z scores from trials binned according to either cardiac or
respiratory phases.

The distance metric data and respective surrogate data have
a different null hypothesis. The difference of distance values
between bins is not informative, since both bins can have lower
distance values compared to all trials, and have no difference
between bins. Therefore, the null distribution of the distance
metric is defined by subtracting the median of the distances
across all trials from the surrogate data distribution. In this
case, the surrogate data distribution changes for every lag since
the trials are split differently into each bin across lags. The Z
score is defined as:

Zscore(i, j) =
median(distance(i, j))−meannull(j)

stdnull(j)
(10)

where i = 1, 2 represents the bins, j = 1, 2, ..., 13 the lags,
and distance represent the 30 trials’ distances. A significantly
positive Z score means that trials in a certain bin are less
similar using a binning criterion, for a certain lag, than those
binned randomly.

2) Trial binning based on HRF parameters and clustering:
When binning the cardiac and respiratory phases according
to HRF parameters and clustering, the method to generate
surrogate data is similar. Cardiac and respiratory phases are
randomly sampled, from a pool of 60 phases of all subjects,
into 2 different bins, across lags. Instead of computing the me-
dian of 30 phase values, in this method the PLV is computed
per bin and lag. The surrogate data distributions are shown in
Figure 10.

The aim here is the same as with the distance metric:
compare the difference between each bin and all trials not
binned, to the difference between surrogate data and all trials.
The null distribution is defined by subtracting the PLV of all
trial’s phases from the surrogate data distribution (it does not
change across lags). The Z score is computed as:
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Fig. 10: Box plot of surrogate data distribution for respiratory
and cardiac phases.

Zxscore(i, j) =
PLV (phasesx(i, j))−meannull

stdnull
(11)

where i = 1, 2 represents the bins, j = 1, 2, ..., 13 the lags
and x the Z scores from phases binned according to either HRF
parameters or clustering criterion. Here a significantly positive
Z score means phases are more locked (more coherent) in a bin
compared to all trials not binned than when binned randomly
compared to all trials.

IV. RESULTS

In this chapter the results are presented and discussed for
each of the two methods. First, the results are discussed at
the subject level and then at the group level, comparing both
levels of analysis.

A. Trial binning based on physiological phases

Figures 11 and 12 show the Z scores computed following
equation (9) for both PA and TTP, respectively. In both figures,
the p-values are uncorrected for multiple comparisons (13
performed across lags). There are no significance values lower
than p = 0.05 in both figures, even taking in account that p-
values are uncorrected, therefore no conclusion can be made
regarding the relationship between TTP or PA and the cardiac
and respiratory phases. There is, however, a pattern present in
both figures: the Z-scores for the cardiac binning vary almost
periodically, the period being approximately 1 Hz.
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Fig. 11: Z scores of all trials’ PA distribution relative to
surrogate data, computed according to (9) across 13 lags for
data binned by respiratory and cardiac phases. Asterisks denote
uncorrected p values: (*) p < 0.1, * p < 0.05, ** p < 0.01.

Figure 13 show the Z scores computed following equation
(10) regarding the distance metric when trials are binned
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Fig. 12: Z scores of all trials’ TTP distribution relative to
surrogate data, computed according to (9) across 13 lags for
data binned by respiratory and cardiac phases. Asterisks denote
uncorrected p values: (*) p < 0.1, * p < 0.05, ** p < 0.01.

according to respiratory or cardiac phases (top and bottom
plot, respectively). Trials corresponding to bin 2 (inhaling)
at 3.6 seconds before and at the moment of stimulus onset
are significantly more different (p¡0.05 and p¡0.01) between
themselves, when trials are binned according to respiratory
phases; whilst trials are significantly more similar (p¡0.05) in
bin 1 (exhaling) at 3.6 seconds before stimulus. It is interesting
to note how hemodynamic responses are more similar when
subject’s exhale (bin 1) at around 3.6 seconds before stimulus,
an effect that is also seen at lag 0 (stimulus onset), and more
dissimilar when subject’s inhale (bin 2); an effect not seen
during stimulus onset despite a similar trend. There is also a
more general trend in the top plot of Figure 13: the trials in
bin 2 are more dissimilar, in general, than the trials in bin 1.

Trials corresponding to bin 1 (systole and beginning of
diastole) are significantly similar (p¡0.01) at 0.4 seconds
before stimulus onset when binned according to cardiac phases
(Figure 13).
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Fig. 13: Z scores of trials’ distance distribution relative to
surrogate data, computed according to (10) across 13 lags for
data binned by respiratory (top) and cardiac (bottom) phases.
Asterisks denote uncorrected p values: (*) p < 0.1, * p < 0.05,
** p < 0.01.

It is important to note that while statistical analysis regard-
ing distance metric computed when trials are binned according
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to respiratory and cardiac cycles’ phases yielded significant
(although uncorrected) values, the PA and TTP yielded no
significant results. A potential justification for this result is the
fact that when using HRF parameters we are only comparing
two features in the whole HRF (the averaged PA and TTP for
each bin) thereby simplifying our analysis but also decreasing
its interpretability.

B. Trial binning based on HRF parameters and clustering

Figures 14 shows the magnitude of the PLV for respiratory
phases binned according to PA, TTP and clustering criterion.
Asterisks denote a sample that was rejected by Rayleigh’s
test, meaning that the underlying distribution is statistically
non uniform. This suggests that, when binning according to a
certain criterion, the phases of the respiratory or cardiac cycles
are more coherent.

Independently on the binning strategy, the respiratory phases
have greater magnitude of PLV in bin 1 (lowest TTP and PA),
at around 2 seconds before the stimulus onset and are rejected
by Rayleigh’s test. When binning according to the cluster
criteria the above mentioned effect is more prolonged, since
greater magnitude of PLV’s are observed from -3.2 seconds to
-2.
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Fig. 14: Magnitude of PLV for respiratory phases binned
according to PA, TTP and clustering criteria across lags. ’All’
denotes magnitude of PLV when all phases are pooled, i.e.
no binning performed. Asterisk denotes sample was rejected
using Rayleigh’s test.

When analyzing the phases of the PLV (not shown) that
correspond to lags from 3.6 to 2.4 seconds before stimulus
we found that there was greater coherence aronund phase
values that correspond to expiration ([−π 0], bin 1). This is
in agreement with the results obtained when binning trials
according to physiological phases: trials were statistically

more similar at 3.6 seconds before stimulus when the subject’s
were exhaling (cf Figure 13, top plot).

It is important to note that to statistically validate the results
presented in these figures we compare the difference between
magnitude of PLV in each bin and ’All’, against the difference
between the magnitude of PLV of the surrogate data (cf Figure
10) and ’All’. This means that a statistically non-uniform
distribution such as the ones in bin 1 and 2 at -2 seconds,
in the middle plot of Figure 14, has no statistical relevance
since compared to ’All’, the difference is minimal. On the
other hand, the difference of magnitude of PLV between bin
1 and ’All’, when respiratory phases are binned according to
clustering criterion, is much greater and suggests statistical
significance.

When binned according to TTP, the magnitude of the PLV
is greater in bin 2 (related to highest TTP) from 1 to 0 seconds
before the stimulus onset and are rejected by Rayleigh’s test;
the same is observed when respiratory phases are binned
according to clustering criterion but in bin 1 (1st cluster).

Figure 15 shows the magnitude of the PLV for cardiac
phases binned according to PA, TTP and clustering criterion.
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Fig. 15: Magnitude of PLV for cardiac phases binned ac-
cording to PA, TTP and clustering criteria across lags. ’All’
denotes magnitude of PLV when all phases are pooled, i.e.
no binning performed. Asterisk denotes sample was rejected
using Rayleigh’s test.

Binning the cardiac phases according to TTP and PA yields
no significance results, that is, no samples are rejected by the
Rayleigh test. When binned according to clustering criterion,
the cardiac phases have higher magnitude of PLV in bin 2
from 4 to 3.2 seconds before and at the stimulus onset, and
are rejected by Rayleigh’s test. In this case, at lags 4, 3.6 and
3.2 before stimulus onset, there is greater coherence in phases
corresponding, respectively, to diastole, systole and diastole
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again, which was to be expected given that the cardiac cycle
frequency is about 1 Hz.

Compared to the method where trials are binned according
to physiological phases, there is no direct agreement across
any lag (cf Figure 13, bottom plot).

Figures 16 and 17 show the Z scores computed following
equation (11) regarding the cardiac and respiratory phases,
respectively, when binned according to PA, TTP, and clustering
criterion. Here a significantly positive Z score means that
phases are more locked (more coherent) in a bin compared
to all trials not binned than when binned randomly compared
to all trials.

The PLV of the respiratory phases binned according to the
clustering criteria are significant in bin 1 (cluster 1) at 3.6,
2.8 and 2 seconds before stimulus onset which statistically
confirms the results in Figure 14, however no significance at p
¡ 0.05 is found when binning the respiratory phases according
to either PA and TTP (cf Figure 16).
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Fig. 16: Z scores of respiratory phase distribution, for data
binned according to PA, TTP and clustering criteria, relative to
respiratory surrogate data, computed according to (11) across
13 lags. Asterisks denote uncorrected p values: (*) p < 0.1, *
p < 0.05, ** p < 0.01.

The PLV of the cardiac phases binned according to the
clustering criteria is significant in bin 2 (cluster 2) at 4, 3.6
and 0 seconds before the stimulus onset which matches the
results in Figure 15, however no significance at p ¡ 0.05 is
found when binning the cardiac phases according to either
PA and TTP (cf Figure 17).
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Fig. 17: Z scores of cardiac phase distribution, for data binned
according to PA, TTP and clustering criteria, relative to cardiac
surrogate data; computed according to (11) across 13 lags.
Asterisks denote uncorrected p values: (*) p < 0.1, * p < 0.05,
** p < 0.01.

V. DISCUSSION AND CONCLUSIONS

In this work the goal was to investigate the relationship
between respiratory and cardiac cycles and trial by trial vari-
ability of the BOLD-fMRI response to brief visual stimuli (the
HRF), by quantifying the physiological phases and directly
relating them to HRF parameters and other descriptors of trial
variability.

We found substantial ST variability in terms of PA and TTP
in agreement with literature [10] [13] [11]. The intra-subject
variability of the BOLD signal was found to be smaller than
the inter-subject variability at the human visual cortex which is
in agreement with [28]. It is possible to conclude that TTP ST
intra-subject variability is greater than BOLD TTP variability,
which is in agreement with the literature [29]. In terms of
BOLD-fMRI response to our visual paradigm, our group level
trial’s average TTP and PA values are in agreement with recent
literature [8].

We defined an hypothesis regarding the relationship between
respiratory and cardiac cycles, and trial by trial variability and
proposed two methods: binning trials according to physiologic
phases or according to HRF parameters and a cluster criterion.
We conclude that our methods did not enable us to clarify the
relationship between cardiac cycle and ST variability, since
neither methods yielded statistically strong results that were
meaningful for both methods.

Regarding the relationship between respiratory cycle and
ST variability, our methods, despite different underlying hy-
potheses, yielded consistent results. The main observation is
that trial by trial variability increases when inhaling around
3.6 to 2.8 seconds before stimulus onset; whereas it decreases
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when exhaling at the same time point. It is difficult to evaluate
the exact meaning of this fact. However, it is possible to
speculate that there could in fact be differences in the HRF
that is developed in response to a stimulus as a function of
the basal state of the vasculature. Because CO2 is a powerful
vasodilator, it will induce variations in blood flow throughout
the respiratory cycle. We recognize that there are too many
uncontrolled variables that are both input and output in the
neurovascular system to imply a specific finding related to
these results.

To the best of our knowledge there is scarce published
work directly relating the cardiac and respiratory cycle with
quantitative measures of all factors needed to describe the
HRF. Even if these relationships were currently established,
it would still not be possible to ascertain, with the available
data, if the ST variability is due to hemodynamic response or
neuronal activity.

Future work

Besides the need of a bigger subject pool as well as more
trials per subject, it is vital in future studies to acquire a
fieldmap to correct for B0 field distortions. This is particularly
important if one wants to characterize the ST variability
throughout the visual pathway. One should also analyze the
effect of the cardiac and respiratory cycles, together,
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