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Abstract
Collecting physiological data during fMRI experiments can improve fMRI data cleaning and
contribute to our understanding of psychophysiological processes; however, these recordings are
frequently fraught with artifacts from the MRI pulse sequence. Here, we look at manufacturer
recommendations for filtering such artifacts from physiological data collected during single-band,
single-echo fMRI sequences and extend these recommendations to address artifacts associated with
multiband, multi-echo fMRI sequences. While the magnitude and frequencies of artifacts differ with
these aspects of pulse sequences, their effects can be mitigated via application of digital filters focused
on the slice collection and repetition time.
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Introduction
Physiological recordings collected simultaneously during functional magnetic resonance imaging
(fMRI) can add valuable information about a participant’s physical state and provide quantitative
assessment of psychological phenomena. Furthermore, they offer the opportunity to study relations
between the central and autonomic nervous systems (CNS and ANS, respectively) that underlie
cognition and behavior. For example, physiological arousal has been assessed during fMRI using
heart rate, via electrocardiogram (ECG) recordings and skin conductance, via electrodermal activity
(EDA) recordings. Inclusion of such measures may enhance interpretation of studies examining
decision making (reviewed in (Wong et al., 2011), typical and disordered affective processing
(Goldstein et al., 2005; Kraus et al., 2007; Mulcahy et al., 2019; Shokri-Kojori et al., 2018), pain
(Mobascher et al., 2009, 2010; Perlaki et al., 2015), autonomic regulation (Kuoppa et al., 2012; Lane et
al., 2013; Napadow et al., 2008; Sclocco et al., 2019; Valenza et al., 2014), and fMRI denoising (Abreu et
al., 2017; Hu et al., 2019).
Collecting electrophysiological recordings in the MR environment adds MR-induced artifacts to the
recordings. Often, the magnitude of these MR artifacts is much larger than that of the phenomena of
interest, necessitating additional data cleaning steps before such data can be used to assess
psychophysiological phenomena. Single-echo MRI sequences (Figure 1A) that measure the
blood-oxygenation level dependent (BOLD) signal are the norm in fMRI research. However, recent
advances in MR technology and denoising approaches are prompting researchers to increasingly turn
to multi-echo sequences (Figure 1B), which offer better differentiation between BOLD signal and
non-neural noise for improved estimates of brain activation (Boyacioğlu et al., 2015; Kundu et al.,
2017; Olafsson et al., 2015). While these sequences arguably offer better quality fMRI data, they
require more complex radio frequency (RF) and gradient pulses that introduce added artifacts to
simultaneously collected electrophysiological recordings. Furthermore, adding echoes to an MRI
sequence introduces further limitations on the temporal resolution of the sequence, requiring a longer
repetition time (TR). Using multiband or simultaneous multi-slice (SMS) excitation allows researchers
to reduce the amount of time required to acquire a single volume, by acquiring several slices
simultaneously, and effectively minimizing the multi-echo temporal constraints on TR. This is an
important consideration for human fMRI studies, in which a study’s power to detect an effect is
linearly related to the number of timepoints in a scan (Desmond & Glover, 2002).
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Figure 1. Schematic representation of (A) a single-band, single-echo GRE-EPI pulse sequence and (B) a
multi-band, multi-echo GRE-EPI pulse sequence. RF pulse differences (Auerbach et al., 2013) are
highlighted in the first row, while differences in time-varying gradient fields (Cohen et al., 2017) are
shown in the following three rows.
The present study assessed MR-artifact removal strategies from electrophysiological (i.e., ECG and
EDA) data collected during single- and multi-echo multiband EPI scans. Currently, there are few
commercial manufacturers of MR-compatible equipment for collecting and filtering
electrophysiological data during MRI scans for research purposes. Of these, BIOPAC Systems, Inc.
(biopac.com) is a popular choice among neuroimaging researchers and among the only manufacturers
to offer recommendations for filtering MR-noise out of concurrently collected electrophysiological
data. Our goals were to (1) compare MR-related noise from single- and multi-echo EPI sequences, (2)
assess current filtering recommendations in multiband and multi-echo contexts, and (3) if current
filtering recommendations appeared insufficient for removing MR-related artifacts from concurrent
electrophysiological data, to redefine these recommendations accordingly. To achieve this, we used
ECG and EDA data collected during both single- and multi-echo multiband BOLD EPI sequences,
from 5 participants across 700+ minutes of scanning. First, data were Fourier transformed to identify
MR-artifact frequencies, then digital filters were applied, and cleaned data were compared to data
collected in the absence of MR sequences, both visually and quantitatively. We anticipated that
MR-artifacts would be greatest during multiband, multi-echo EPI sequences and while current
filtering recommendations would mitigate MR-artifacts, adaptations may be necessary for multiband
and multi-echo pulse sequences. We expected that adaptations to the slice collection frequency would
be necessary, to account for slices collected in parallel. Finally, we make these findings openly
available both as interactive online code and easy-to-use command-line software, sharing updated
recommendations for removing MR-artifacts from these physiological data in multiband and
multi-echo contexts.
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Methods
Physiological recordings
Physiological data were collected using MRI-compatible modules, leads, and electrodes from BIOPAC
Systems. Data were acquired using a BIOPAC MP150 system, connected to subject leads by two
standard MEC-MRI cables that passed through the MRI patch panel via MRI-RFIF filters and ran
without loops to the bore, then parallel with the subject. Electrocardiogram (ECG) recordings were
collected using radiotranslucent EL508 electrodes with GEL100 and LEAD108 leads, with an
ECG100C-MRI amplifier. Electrodes were placed in a 3-lead bipolar monitoring configuration, 6 to 8
inches apart diagonally across the heart from right clavicle to left rib cage, with the ground placed 6 to
8 inches away on the right rib cage. Electrodermal activity (EDA) recordings were collected using
radiotranslucent EL509 electrodes with GEL101 and LEAD108 leads, with an EDA100C-MRI
amplifier. Leads were placed on the palm of the participant’s non-dominant hand, on the thenar and
hypothenar eminences. All physiological data were collected at a rate of 2000 Hz, with ECG and EDA
collected concurrently from all participants. Physiological data collection began once participants
were loaded on the scanner bed and continued until the scanner bed exited the bore after the scanning
session, including several minutes per participant of data collected in the absence of an MR pulse
sequence.
BOLD EPI Sequences
Physiological recordings were acquired in the bore of a whole-body 3-Tesla Siemens MAGNETOM
Prisma with a 32-channel head/neck coil, during both a multiband, single-echo (MBSE)
blood-oxygenation-level-dependent (BOLD) echo planar imaging (EPI) sequence and a multiband,
multi-echo (MBME) BOLD EPI sequence.
Multiband, single-echo BOLD EPI sequence. The MBSE sequence used here is the one used by the
Adolescent Brain Cognitive Development (ABCD)℠ Study (Casey et al., 2018). In brief, this sequence
acquired 60 transverse slices, with an anterior to posterior phase encoding direction, using a single
echo (TE = 30ms) with TR = 800ms, a multiband acceleration factor of 6, interleaved acquisition,
in-plane GRAPPA acceleration, and a 52º flip angle. More information about the scan protocols is
available with the curated ABCD data via the NIMH Data Archive (NDA;
https://abcdstudy.org/scientists/protocols/). Participants in the current study (n=5, all female, aged
26-39) completed four 6-minute runs of an emotion regulation task (Blair et al., 2012; Ochsner et al.,
2002, 2004) and two 5-minute runs of rest.
Multiband, multi-echo BOLD EPI sequence. The MBME BOLD EPI sequence used here is from the
distribution of multi-band accelerated EPI sequences (Moeller et al., 2010) developed by the Center for
Magnetic Resonance Research at the University of Minnesota. The MBME GRE-EPI sequence acquired
48 slices at a 30º transverse-to-coronal orientation with anterior-to-posterior phase encoding direction
at each of 4 echoes (TE1 = 11.80ms, TE2 = 28.04ms, TE3 = 44.28ms, TE4 = 60.52ms) with TR = 1500ms, a
multiband acceleration factor of 3, interleaved acquisition, in-plane GRAPPA acceleration, a 77º flip
angle, and an excite pulse duration of 2560µs (Figure 1B). Participants completed six runs, 6 to 11
minutes each, of film watching (Duffer & Duffer, 2017; NBCLab/Film-Viewing-Task, 2019/2020), two
runs of the same emotion regulation task (NBCLab/Eirt-Task, 2020/2020), two runs of a probabilistic
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selection task, one 6 minutes and the other 9 minutes (Frank et al., 2004), and two runs of 5 minutes of
rest.
The
full
parameters
and
fMRI
data
are
(https://openneuro.org/datasets/ds002278/versions/1.0.1).

available

on

OpenNeuro.org

Software tools
All
code
used to create and apply these filters is available on GitHub
(https://github.com/62442katieb/mbme-physio-denoising), and was written and run using Python
3.7.3. The bioread library (https://github.com/uwmadison-chm/bioread, v. 1.0.4) was used to read in
physiological recordings stored in AcqKnowledge format, data were manipulated using Pandas
(https://pandas.pydata.org/, v. 1.0.3), digital filters were created and applied using SciPy
(https://www.scipy.org, v. 1.4.1; (Virtanen et al., 2020)), and fast Fourier transforms implemented in
NumPy (https://numpy.org/, v. 1.18.2; (Harris et al., 2020)).
Denoising electrocardiogram recordings
Fourier transform was applied to ECG and EDA data collected both in the presence and absence of
MR pulse sequences to identify the frequencies of MR-related artifacts. Then, in parallel processing
streams for each the ECG and EDA data, we applied digital filters to mitigate the effects of these
artifacts on the recordings. First, we applied the manufacturer (i.e., BIOPAC) recommendation for
single-band, single-echo sequences: comb band-stop filters at the slice collection frequency and its
harmonics up to the Nyquist frequency, and then Fourier transformed the results to assess how these
filters mitigated artifacts. This slice collection frequency is defined as:
vslice collection = number of slices ÷ TR

And here, comb band-stop filters were implemented as a series of infinite impulse response (IIR)
notch filters to account for the fundamental frequency and its harmonics.
Then, we adjusted the frequencies of these filters to account for additional MR-related artifacts
identified in frequency spectra, applied the adjusted filters, and Fourier transformed the results.
Finally, physiological data were compared across steps and to data collected in the absence of MR
pulse sequences, using magnitude squared coherence to assess linear dependence across the
frequency band in which physiologically-relevant signals were found: 0.5 - 50Hz for ECG and <0.5Hz
for EDA.

Results
Frequencies of MR-related artifacts
We applied Fourier transforms to ECG recordings in the absence (Figure 2, first row) and presence
(Figure 2, second row) of both single- (Figure 2, left column) and multi-echo (Figure 2, right column)
BOLD EPI sequences to identify frequencies of confounding MR-related noise. This revealed
MR-related noise in frequencies corresponding to the TR and slice acquisition, which was greater in
recordings collected during multi-echo sequences than during single-echo sequences (Figure 2D vs.
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2L). The presence and relative impacts of this noise is visually apparent in the difference between
recordings collected before and during the two BOLD EPI sequences in Figure 2 (MBSE-ECG in 2A vs.
2C; MBME-ECG in 2I vs. 2K) and evidenced by greater power in the frequencies corresponding with
TR and slice acquisition (MBSE-ECG in 2B vs. 2D; MBME-ECG, 2J vs. 2L). These artifacts occur at
frequencies equal to (a) the slice frequency which is equal to the number of slices divided by the
multiband factor per TR (indicated by circular, blue-green markers), (b) the TR frequency (indicated by
triangular, pink markers), and the harmonics of these frequencies. Furthermore, the power of these
confounding signals was much greater than in MBSE-ECG recordings and caused greater corruption
of the ECG signal (Figure 2C vs 2K).
Denoising electrocardiogram recordings
We applied BIOPAC-recommended filtering to ECG recordings collected during MBSE and MBME
BOLD EPI sequences (MBSE-ECG and MBME-ECG, respectively), via IIR notch filters centered at the
slice frequency (Figure 2E-F, M-N). This resulted in an incomplete mitigation of MR-related artifacts,
which are still clearly present in the frequency spectra (Figure 2F, N).
Based on the identified artifact frequencies, we then adjusted these recommendations to account for
the multiband factor of each sequence, with IIR notch filters centered at the frequency corresponding
to the number of slices divided by the multiband factor per TR (see equation below) and applied the
resultant filter (again, including harmonics) to MBSE-ECG recordings (Figure 2G-H).
vslice collection = number of slices ÷ MB factor ÷ TR

Finally, we applied these adjusted recommendations and additional IIR notch filters centered at the
TR frequency to mitigate the effects of additional confounding frequencies present in MBME-ECG
recordings, demonstrating the additional need for filtering beyond that which MBSE-ECG requires, in
order to obtain MR-denoised ECG recordings simultaneous with MBME BOLD EPI data (Figure
2O-P).
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Figure 2. Electrocardiogram recordings through the denoising process. (A) 30 seconds of ECG recordings
before the EPI sequence started, after the participant was moved into the scanner bore and (B) the Fourier
transform of that recording. (C) 30 seconds of ECG recordings during a single-echo BOLD EPI sequence and (D)
the Fourier transform of that recording, demonstrating sequence-related artifacts at the slice frequency
(blue-green circles) and TR frequency (pink crosses), and their harmonics. (E) The same 30 seconds of ECG
recordings, following application of IIR notch filters to remove the MR-related artifacts, per manufacturer
recommendations and (F) the associated power spectrum, which shows remaining MR-related artifacts after
filtering. (G) The same 30 seconds, following application of IIR notch filters updated for multiband acquisition
and (H) the associated power spectrum, displaying mitigated artifacts, but not complete removal. (I) 30 seconds
of ECG recordings from a second individual in the MR environment prior to scanning with a BOLD EPI
sequence and (J) the power spectrum of that pre-EPI recording. (K) 30 seconds of ECG recordings from the same
individual and scanning session during a multi-echo BOLD EPI sequence data and (L) the power spectrum of
that ECG recording, demonstrating MR-related artifacts at the slice frequency (blue-green circles) and TR
frequency (pink triangles), and their harmonics. (M) The same 30 seconds of ECG recording, following the
application of BIOPAC-recommended filters and (N) the Fourier transform of that recording, displaying the
remaining MR-related artifacts. (O) The same 30 seconds of ECG recording, following the application of IIR
notch filters at the slice and TR frequencies and (P) the Fourier transform of that cleaned recording, displaying
the absence of MR-related artifacts.

Denoising electrodermal activity recordings
Prior research on EDA recordings collected during single-band, single-echo BOLD sequences has
shown minimal MR-related artifacts in EDA data (Robinson et al., 2014). As such, EDA recordings
collected simultaneously with fMRI data do not typically require MR-specific denoising. However, a
Fourier transform of EDA recordings acquired during the multiband, single-echo BOLD EPI sequence
(hereafter MBSE-EDA) in question revealed noise in sequence-specific frequency bands (Figure 3D, L)
corresponding to the harmonics of the TR frequency (pink triangles) and, to a lesser extent, of the slice
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collection frequency (blue-green circles). To remove MR-related noise from these EDA recordings, we
followed the same filtering procedures as mentioned above (see Denoising electrocardiogram recordings).

Figure 3. Electrodermal activity recordings through the denoising process. (A) 30 seconds of EDA recordings
before the EPI sequence started, after the participant was moved into the scanner bore and (B) the Fourier
transform of that recording. (C) 30 seconds of EDA recordings during a single-echo BOLD EPI sequence and (D)
the Fourier transform of that recording, demonstrating sequence-related artifacts at the slice frequency
(blue-green circles) and TR frequency (pink crosses), and their harmonics. (E) The same 30 seconds of EDA
recordings, following application of IIR notch filters to remove the MR-related artifacts, per manufacturer
recommendations and (F) the associated power spectrum, which shows remaining MR-related artifacts after
filtering. (G) The same 30 seconds of EDA recordings, following the application of IIR notch filters to remove
MR-related artifacts, updated to include multiband factor in manufacturer recommendations and (H) the
associated power spectrum. (I) 30 seconds of EDA recordings from a second individual in the MR environment
prior to scanning with a BOLD EPI sequence and (J) the power spectrum of that pre-EPI recording. (K) 30
seconds of EDA recordings from the same individual and scanning session during a multi-echo BOLD EPI
sequence data and (L) the power spectrum of that EDA recording, demonstrating MR-related artifacts at the
slice frequency (blue-green circles) and TR frequency (pink crosses), and their harmonics. (M) The same 30
seconds of EDA recording, following the application of BIOPAC-recommended filters and (N) the Fourier
transform of that recording, displaying the remaining MR-related artifacts. (O) The same 30 seconds of EDA
recording, following the application of IIR notch filters at the slice and TR frequencies and (P) the Fourier
transform of that cleaned EDA recording, displaying the absence of MR-related artifacts.

Quantitative assessments of denoised data
Finally, magnitude squared coherence was computed between each pair of MBSE-ECG recordings
across filtering approaches and, separately, between each pair of MBME-ECG recordings. This
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allowed a direct comparison of frequency spectra between (i) filtering approaches, between (ii) filtered
recordings and unfiltered recordings, and between (iii) filtered recordings and ECG recordings in the
absence of EPI sequences.
Linear dependence of ECG recordings across the denoising approaches described above was assessed
using pairwise magnitude squared coherence of the cleaned ECG recordings across filtering
approaches, the raw ECG recordings collected during BOLD EPI sequences, and the no-MR
recordings (Figure 4). These comparisons between recordings across the denoising process clearly
demonstrate the differences in filtering between BIOPAC-recommended and updated approaches for
data collected during multiband and multi-echo pulse sequences. MBSE-ECG recordings (Figure 4,
lower triangle) retained the same frequency spectra in common with ECG recordings collected in the
absence of an MR sequence, regardless of filters applied (BIOPAC-recommended or its multiband
equivalent; Figure 4, column 1). Between cleaned MBSE-ECG recordings (Figure 4, upper triangle)
and ECG recordings collected in the absence of an MRI sequence (Figure 4, row 1), manufacturer
recommendations did not change the frequency spectra in common, when compared with unfiltered
MBME-ECG data, but the thoroughly filtered (i.e., with multiband-updated slice frequency filtered
and the additional TR frequency filtering) there are more high frequencies in common. Linear
dependence between these recordings is lower than between any other pair of recordings. Between
raw and cleaned MBSE- and MBME-ECG recordings (Figure 4, second and third columns and rows),
there remained more low frequencies (<250Hz) in common. However, this may be due to the
relatively higher power of lower frequencies in these recordings in general, regardless of filtering
approach (see Figure 2).
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Figure 4. Magnitude squared coherence (MSC) between raw and cleaned ECG recordings. Comparisons
between MBSE-ECG recordings are shown below the diagonal; comparisons between MBME-ECG recordings,
above the diagonal.

Within the frequency band in which physiologically-relevant signals are found in ECG (0.5 - 50Hz),
we assessed the correlations between power spectra across filtering approaches. Average correlation
between MBSE-ECG recordings filtered with MB-updated manufacturer recommendations (r = 0.633)
was slightly higher than that of MBSE-ECG recordings filtered with BIOPAC-recommended filters (r =
0.619), both of which were higher than the average correlation between power spectra of MBSE-ECG
and no-MR-ECG recordings (r = 0.573) (Supplemental Table 1, Supplemental Figure 1). Average
correlation between power spectra of MBME-ECG recordings filtered with our recommended slice-
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and TR-frequency filters (r = 0.659) was higher than the average correlation between no-MR-ECG and
MBME-ECG recordings denoised with BIOPAC-recommended filters (r = 0.539), both of which were
higher than the average correlation between unfiltered MBME-ECG recordings and no-MR- ECG
recordings (r = 0.480) (Supplemental Table 2, Supplemental Figure 2).
This approach was repeated for each pair of MBSE-EDA recordings across filtering approaches and,
separately, between each pair of MBME-EDA recordings.
The magnitude squared coherence of EDA recordings collected before and during BOLD EPI
sequences, and across filtering approaches, show linear dependence (i.e., similarity) between pairs of
recordings across frequencies. These indicate that, as with MBSE-ECG recordings, MBSE-EDA
recordings’ similarity to EDA recordings in the absence of an MR sequence do not differ greatly across
the cleaning process (Figure 5, column 1). Likewise, MBME-EDA recordings showed greater similarity
to EDA recordings in the absence of an MR sequence in higher frequency bands following the sliceand TR-frequency filtering (Figure 5, row 1, MBME-Updated Recommendation).
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Figure 5. Magnitude squared coherence (MSC) between raw and cleaned EDA recordings. Comparisons
between power spectra of MBSE-EDA recordings are shown below the diagonal; comparisons between
MBME-EDA recordings, above the diagonal.

Within the frequency band in which physiologically-relevant signals are found in EDA (<0.5Hz), we
assessed the correlations between power spectra across filtering approaches. Average correlations of
MBSE- and MBME-EDA power spectra and no-MR-EDA power spectra were much higher than their
-ECG counterparts (rMBSE ≥ 0.99, rMBME ≥ 0.999) with very little variability (σr(MBSE) = 0.001, σr(MBME) = 1.84
✕ 10-5) (Supplemental Tables 4 and 5, Supplemental Figures 4 and 5). Overall, this supports the claim
in prior research that the impacts of MR-related artifacts on simultaneously-collected EDA recordings
are minimal, although not nonexistent.
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Research Products
The workflows used to clean these data and create the associated figures are available as a
command-line Python script and in interactive Jupyter Notebooks available at:
https://github.com/62442katieb/mbme-physio-denoising/.
These notebooks are additionally available, interactively, at:
https://mybinder.org/v2/gh/62442katieb/mbme-physio-denoising/binder-live.

Discussion
Here, we assessed the confounding influence of both multiband, single-echo and a multiband,
multi-echo BOLD MRI sequences on simultaneously acquired peripheral physiological recordings
(e.g., ECG and EDA). These artifacts were demonstrated in recordings collected over the course of
several MRI scans, using an MBSE BOLD EPI sequence with a multiband factor of 6 and a MBME
BOLD EPI sequence that acquired 4 volumes per RF excitation with a multiband factor of 3. Two
fundamental confounding frequencies were identified, corresponding with the slice frequency and the
repetition time of the MRI sequence. Applying a series of notch filters centered at frequencies
corresponding to the sequence’s TR and slice collection frequency, mimicking a comb band-stop filter
(per manufacturer (i.e., BIOPAC) recommendations) provided marked decrease of confounding
signals. Based on this, we present an updated set of recommendations for mitigation of pulse
sequence-related artifacts in ECG and EDA recordings collected during multiband, multi-echo BOLD
MRI scans. These recommendations make it easier for researchers to include physiological recordings
during functional MRI studies that capitalize on the improved temporal signal-to-noise ratio (tSNR)
of multi-echo pulse sequences and the improvements to temporal resolution made possible by
simultaneous multi-slice acquisition. While we did not test these recommendations across a range of
pulse sequences with different numbers of echoes and multiband factors, it is likely that our
recommendations will generalize across MBME BOLD EPI sequences due to the linear relationship
between confounding frequency bands and the sequence’s TR and multiband factor.
Building on prior research, we found MRI sequence artifacts in simultaneously collected ECG
recordings in frequency bands correspond to the number of asynchronously-collected slices (i.e., the
number of slices divided by the multiband factor). Furthermore, these confounding frequencies were
of greater power in recordings collected during multi-echo BOLD EPI scans than during single-echo.
The impact of these corrupting frequencies can be removed with a series of IIR notch filters
corresponding to the TR and slice collection frequencies and their harmonics up to the Nyquist
frequency. Further processing is needed in order to distinguish moment-to-moment heart rate and
data derived therefrom, but the data have been cleaned of the confounding MR-related artifacts.
Contrary to prior research, we found MRI sequence artifacts in simultaneously collected EDA
recordings, both during single- and multi-echo BOLD EPI sequences (Figure 4D, L). These artifacts
corresponded with the TR frequency, likely related to the transmission of RF excitation pulses, and the
gradient pulses during slice collection. However, the relative power of these confounding frequencies
did not differ between MBSE-EDA and MBME-EDA, in contrast to those in the ECG signals (see
Figure2). Here, we demonstrate that these artifacts can be removed in the same manner as from

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.01.437293; this version posted April 3, 2021. The copyright holder for this preprint (which
was not 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 aCC-BY-NC 4.0 International license.

14
MBSE- and MBME-ECG recordings with a series of IIR notch filters, mimicking a comb band-stop
filter that removes a frequency band and its harmonics up to the Nyquist frequency.
Confounding frequencies corresponding with the TR of the sequence were detected via comparison of
the power spectra of ECG and EDA recordings before (Figures 2B and 3B, respectively) and during a
MBME BOLD EPI sequence (Figures 2D and 3D, respectively). This frequency is not often mentioned
in the simultaneous physiology-fMRI literature as RF pulse-related artifacts are either of a much lesser
amplitude than other MR-artifacts or they are filtered out entirely by MRI-specific amplifiers (see
Figure 1 for comparison) (Allen et al., 2000; Negishi et al., 2007). However, the RF excitation that
precedes slice collection in multiband MRI pulse sequences has a higher amplitude and/or greater
total power than that of a single-band sequence. This increased power may explain why the artifact is
seen here, in frequency bands corresponding with the sequence TR as shown in Figures 2F and 3, but
not usually seen in physiological recordings collected simultaneously with single-band BOLD
sequences and is not mentioned in prior simultaneous ECG- or EDA-fMRI research or the associated
manufacturer recommendations for signal cleaning.
The confounding fundamental frequency identified here corresponds with the slice collection or slice
repetition frequency (Allen et al., 2000). This artifact is more commonly seen in ECG recordings
collected during fMRI scans, though not in EDA recordings (Robinson et al., 2014). The literature on
simultaneous EEG-fMRI acquisition and data cleaning suggests that the magnitude of artifacts due to
electromotive force caused by time-varying magnetic field gradients during slice acquisition far
surpasses that of the RF excitation pulse (Allen et al., 2000). While this artifact is seen in physiological
recordings acquired during single-band BOLD sequences, as well, the power of the harmonics of this
confounding frequency are much greater in data collected during multiband BOLD sequences.
Although slice collection in multi-echo GRE-EPI sequences is more prolonged over the course of a
timepoint of data acquisition, due to the acquisition of multiple volumes of data per RF excitation
pulse, the duration of slice collection is short (<75ms) compared to the repetition time (1500ms). As
such, the confounding frequency associated with time-varying gradients is centered on the slice
frequency ( slices / MB factor / TR) and confounding frequencies associated with individual echoes
were not observed. Notch filters centered at the slice frequency and its harmonics sufficiently
removed the artifact caused by shifting gradient fields.
Limitations and Considerations
The temporal resolutions of each electrophysiological (1000 - 5000Hz) and fMRI (0.5 - 1.5Hz) data
complicate psychophysiological analyses. First, in relating physiological processes to BOLD signal
fluctuations, accounting for differences in the timing of individual slice collection, typically performed
in the beginning of fMRI preprocessing (Jones et al., 2008; Parker et al., 2017; Sladky et al., 2011),
becomes crucial. Second, physiological data should be downsampled for such investigations. fMRI
data are collected with a TR between 500ms and 3s and while multiband acquisition can shorten TRs,
multi-echo acquisition often lengthens TRs. When TRs exceed 2 seconds, the temporal resolution of
fMRI data becomes low enough to induce aliasing in biologically-relevant frequency bands of
physiological data downsampled to match. Researchers should proceed with caution when this is the
case.
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On another note, researchers collecting data regarding heart rate and cardiac pulsations can avoid MR
artifacts entirely by using a photoplethysmograph, which collects optical instead of electrical
measurements.

Conclusions
While MBSE and MBME pulse sequences introduce more complicated artifacts into simultaneously
acquired electrophysiological recordings than can be addressed with current manufacturer
recommendations, the data presented here suggest that these artifacts are predictable and their effects
can be greatly mitigated with notch filters centered at their fundamental frequencies and harmonics.
By targeting the slice acquisition frequency, updated to account for multiband factor, and, especially
in the case of MBME-simultaneous recordings, TR frequency, researchers should be able to remove
significant MR-related artifacts from ECG and EDA data collected during fMRI scans.
Recommendations such as those demonstrated here allow researchers to capitalize on the improved
SNR afforded by MBSE and MBME BOLD sequences, while including rich information concerning a
participant’s peripheral, visceral state.
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