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a b s t r a c t 

The hemodynamic response function (HRF) greatly influences the intra- and inter-subject variability of brain 

activation and connectivity, and might confound the estimation of temporal precedence in connectivity analyses, 

making its estimation necessary for a correct interpretation of neuroimaging studies. Additionally, the HRF shape 

itself is a useful local measure. However, most algorithms for HRF estimation are specific for task-related fMRI 

data, and only a few can be directly applied to resting-state protocols. Here we introduce rsHRF, a Matlab and 

Python toolbox that implements HRF estimation and deconvolution from the resting-state BOLD signal. We first 

provide an overview of the main algorithm, practical implementations, and then demonstrate the feasibility 

and usefulness of rsHRF by validation experiments with a publicly available resting-state fMRI dataset. We also 

provide tools for statistical analyses and visualization. We believe that this toolbox may significantly contribute 

to a better analysis and understanding of the components and variability of BOLD signals. 
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. Introduction 

An increasing number of studies investigate spontaneous blood

xygenation level-dependent (BOLD) fluctuations ( Seeley et al., 2007 ;

hang and Raichle, 2010 ). Most of these studies look at well-

eproducible intrinsic-connectivity networks (ICNs) emerging from

hese resting-state recordings. These ICNs have been related to per-

eption, emotion and cognitive functions in different populations, in-

icating a fundamental role for spontaneous BOLD fluctuations in un-

erstanding behaviour and clinical diseases ( Zhang and Raichle, 2010 ;

aird et al., 2011 ). However, the BOLD signal is modulated by the cere-

rovascular reactivity and neurovascular coupling, rather than a di-

ect measure of neural activity. Thus, the interpretation of BOLD sig-

als is not always straightforward. The cerebral blood flow (CBF), cere-

ral blood volume (CBV), and the cerebral metabolic rate of oxygen

CMRO 2 ) have been considered as the primary contributors to BOLD

ignal changes in the previous biophysical models (e.g., Balloon model)

f the cerebrovascular contribution to BOLD signal ( Buxton et al., 1998 ;

riston et al., 2000 ; Buxton, 2012 ). 

An electrophysiological validation study showed that the underly-

ng neural connectivity (in terms of lagged directional statistical de-
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endencies) could be better recovered from deconvolved BOLD signals

 David et al., 2008 ). This reveals that the variability of the hemodynamic

esponse, as a function of changes in CBF, CBV and CMRO 2 , will give

ise to spurious connectivity inference. It is still a challenge to distin-

uish differences due to modulations in neural activity from differences

ue to modulations in the hemodynamic response in empirical BOLD

MRI studies ( Handwerker et al., 2012 ). Uncovering hemodynamic cor-

elates of spontaneous neural activity is therefore quite important before

apping brain connectivity, as it might elucidate the underlying mech-

nisms that drive resting-state fMRI (rs-fMRI) dynamics ( Keles et al.,

016 ). 

The hemodynamic response function (HRF) has been shown to vary

n timing, amplitude, and shape across brain regions, cognitive task

aradigms, ageing and pathological populations ( Miezin et al., 2000 ;

andwerker et al., 2012 ; Badillo et al., 2013 ). Such variation is expected

lso for resting state. However, the timing information of spontaneous

vents for HRF estimation cannot be easily identified without simultane-

us electrophysiological recordings. Recent evidence demonstrated that

CNs can be recovered with only few infra-slow BOLD events, which

re identified from the relatively large amplitude BOLD signal peaks

 Tagliazucchi et al., 2012 ). The idea of events driving the BOLD signal
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as also been used in deconvolution approaches ( Karahanoglu et al.,

013 ; Caballero-Gaudes et al., 2019 ) to disentangle activity related

vents. Using a point process approach to identify these events, our

revious study provided a simple way for resting-state HRF estimation

nd deconvolution ( Wu et al., 2013 ). The original idea was to improve

he estimation of statistical dependencies between time series, which

ere proven to be confounded by the HRF also for non-lagged mea-

ures ( Rangaprakash et al., 2018 ). In following studies, the retrieved

esting-state HRF has been proposed as a useful biomarker for phar-

acological and pathologically induced loss of consciousness, chronic

ain, heart rate variability, post-traumatic stress disorder, and autism

 Wu and Marinazzo, 2015 , 2016 ; Rangaprakash et al., 2017 ; Yan et al.,

018 ; Wu et al., 2019 ). 

The present study aims to present an open-source Python/Matlab

oolbox for resting-state HRF deconvolution and brain connectivity anal-

sis. We will first describe the principles of the blind HRF deconvolution

lgorithm implemented, and then validate it by a co-localized local field

otentials (LFP) and intrinsic optical signals (IOS), which were simul-

aneously recorded from the rat primary somatosensory area (SI) under

urst-suppression anaesthesia condition. Usage and utility of the meth-

ds provided by the toolbox is then demonstrated on publicly released

esting-state fMRI datasets. 

. Materials and methods 

.1. Resting-state HRF estimation and deconvolution algorithm 

We assume that resting-state BOLD fluctuations are driven by spon-

aneous neural events and that the corresponding BOLD events can be

dentified by point process analysis ( Wu et al., 2013b ). A linear time

nvariant (LTI) system is used to model the relationship between the

pontaneous neural event and the BOLD response ( Boynton et al., 2012 ).

he hemodynamic response ℎ ( 𝑡 ) represents such dynamic process; the

esting-state BOLD signal in a given voxel (or region) at time 𝑡 , 𝑦 ( 𝑡 ) ,
atisfies the following equation: 

 ( 𝑡 ) = 

𝑀 ∑
𝑖 =1 

ℎ ( 𝑖 ) 𝑠 ( 𝑡 − 𝑖 ) + 𝜀 ( 𝑡 ) .𝜀 ∼ 𝑁 

(
0 , 𝜎2 𝑉 

)
(1)

here ℎ ( 𝑡 ) is the unknown hemodynamic response, 𝜀 is the measurement

oise which is uncorrelated with the unknown spontaneous neural ac-

ivity 𝑠 ( 𝑡 ) , 𝜎2 is the error variance, 𝑉 is the error correlation matrix,

btained via an AR model and covariance across the regressors for each

oxel, and 𝑀 is the number of time bins spanning the desired length of

he estimated HRF. 

In order to solve Eq. (1) for ℎ ( 𝑡 ) , we substitute 𝑠 ( 𝑡 ) with a hypothetical

odel of the neural activation that we call 𝑠̂ ( 𝑡 ) . Here we assume 𝑠 ( 𝑡 ) ≈
̂ ( 𝑡 − 𝜏) , where 𝑠̂ ( 𝑡 ) is constituted by several time-shifted delta functions,

hich are centered at the onset of each spontaneous BOLD event, and

is a temporal deviation. As the peak of the BOLD signal lags behind

he peak of neural activation (i.e., 𝑘 seconds), it is reasonable to assume

hat larger BOLD spikes are generated from spontaneous neural events.

his enables us to retrieve the timing information of these spontaneous

eural events. 

The time lag 𝑘 (corresponding to the best estimate of 𝜏), and the HRF

 can be simultaneously obtained by minimizing the least square error

ssociated with Eq. (1) ( Wu et al., 2013b ; Wu and Marinazzo, 2016 ),

.e. the optimization problem: 

̂
 , ̂𝑘 = 𝑎𝑟𝑔 

‖‖‖‖‖𝑦 ( 𝑡 ) − 

𝑀 ∑
𝑖 =1 

ℎ ( 𝑖 ) ̂𝑠 ( 𝑡 − 𝑖 ) 
‖‖‖‖‖

̂ ( 𝑡 − 𝑘 ) = 

{ 

1 , 𝑡 ∈ 𝑆𝑇 

0 , 𝑡 ∉ 𝑆𝑇 
, 0 < 𝑘 ≤ 𝑃 𝑇 

(2) 

here ‖ ⋅ ‖ is the L 2 norm, PT is the peri-event time. In practice, the

iming set 𝑆𝑇 of these resting-state BOLD spikes/transients is defined

s the time points for which the BOLD signal exceeds a given threshold
2 
. This set can be obtained using the following rule: 

𝑇 { 𝑖 } = 𝑡 𝑖 , 𝑦 
(
𝑡 𝑖 
)
≥ 𝜆 & 𝑦 

(
𝑡 𝑖 
)
≥ 𝑦 

(
𝑡 𝑖 ± 𝑗 

)
. (3)

So 𝑆𝑇 = 𝑆𝑇 − ̂𝑘 = { 𝑡 𝑖 − ̂𝑘 } indicates the most likely onset time point

f the spontaneous neural event, and j indicates the desired width of the

eak (in bins) in order to characterize the local maximum. A temporal

ask is always added to exclude pseudo point process events induced

y motion artefacts. 

To characterize the shape of the hemodynamic response, three pa-

ameters of the HRF, namely response height (RH), time to peak (TTP),

nd Full Width at Half Maximum (FWHM), are estimated. These quan-

ities are interpretable in terms of potential proxies for response mag-

itude, latency, and duration of neuronal activity ( Lindquist and Wager

007 ). 

The estimated spontaneous neural activity 𝑠̃ ( 𝑡 ) was then derived us-

ng Wiener deconvolution: 

 ( 𝑓 ) = 𝐻 

∗ ( 𝑓 ) 𝑆 ( 𝑓 ) 
[|𝐻 ( 𝑓 ) |2 𝑆 ( 𝑓 ) + 𝑁 ( 𝑓 ) 

]−1 
, (4)

̃ ( 𝑡 ) =  

−1 { 𝐺 ( 𝑓 ) 𝑌 ( 𝑓 ) } , (5)

here  

−1 is the inverse Fourier transform operator, ∗ denotes com-

lex conjugate, 𝑆( 𝑓 ) = 𝐸 |𝑋 ( 𝑓 ) |2 and 𝑁( 𝑓 ) = 𝐸 |𝑉 ( 𝑓 ) |2 are the mean

ower spectral density of 𝑠 ( 𝑡 ) and 𝜀 ( 𝑡 ) respectively. 𝐻( 𝑓 ) , 𝑋( 𝑓 ) , 𝑌 ( 𝑓 )
nd 𝑉 ( 𝑓 ) are the Fourier transform of ℎ ( 𝑡 ) , 𝑠 ( 𝑡 ) , 𝑦 ( 𝑡 ) and 𝜀 ( 𝑡 ) . The 𝑁( 𝑓 )
s typically unknown in practice, but can be reliably estimated based

n the median estimator on the finest scale wavelet coefficients of 𝑦 ( 𝑡 )
 Neelamani et al., 2004 ). The iterative Wiener filter algorithm was fur-

her conducted to restore 𝑠̃ ( 𝑡 ) ( Hiller and Chin 1991 ). The pseudo-code

f iterative algorithm can be summarized as follows: 

 0 ( 𝑓 ) = 𝐸 |𝑌 ( 𝑓 ) |2 
FOR 𝑖 = 1 𝑡𝑜 𝑛 

 𝑖 ( 𝑓 ) = 𝐻 

∗ ( 𝑓 ) 𝑆 𝑖 −1 ( 𝑓 ) 
[|𝐻 ( 𝑓 ) |2 𝑆 𝑖 −1 ( 𝑓 ) + 𝑁 ( 𝑓 ) 

]−1 

 𝑖 ( 𝑓 ) = 𝐺 𝑖 ( 𝑓 ) 𝑌 ( 𝑓 ) , 

 𝑖 ( 𝑓 ) = 𝐸 

||𝑋 𝑖 ( 𝑓 ) ||2 + 𝑆 𝑖 −1 ( 𝑓 ) 𝑁 ( 𝑓 ) 
[|𝐻 ( 𝑓 ) |2 𝑆 𝑖 −1 ( 𝑓 ) + 𝑁 ( 𝑓 ) 

]−1 
END FOR 

̃ ( 𝑡 ) =  

−1 {𝐺 𝑛 ( 𝑓 ) 𝑌 ( 𝑓 ) 
}

In the loop above, n is the maximum number of iterations. When the

𝑆 𝑖 ( 𝑓 ) − 𝑆 𝑖 −1 ( 𝑓 ) ‖ function reaches a knee, the iteration stops. 

.2. rsHRF implementations 

The original code of resting-state HRF deconvolution was firstly

ritten and developed in Matlab ( Wu et al., 2013b ). Currently, the

pdated versions to perform these analyses (through Matlab, Python,

ocker, and BIDS-App) are freely accessible from the NITRC page:

ttps://www.nitrc.org/projects/rshrf . More detailed information along

ith a toolbox manual are provided in the toolbox and on the NITRC

age. 

The current version of the Matlab toolbox (version 2.4) provides an

xtension of SPM, consisting of four main parts: (1) denoising; (2) HRF

stimation and deconvolution; (3) HRF viewer; (4) brain connectivity

for a schematic overview; see Fig. 1 ). 

The python version consists of the HRF estimation and deconvolu-

ion part only, both as command line interface, and as graphical user

nterface. The Python command line interface parameters is shown in

able S1. 

Prior to rsHRF analysis, the data should be already pre-processed,

uch as realignment for resting-state BOLD fMRI data. rsHRF provides

everal signal denoise options: nuisance regression, temporal filtering

https://www.nitrc.org/projects/rshrf
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Fig. 1. Workflow of the rsHRF toolbox. 

Fig. 2. Mean spatial distribution maps for the HRF parameters estimated using an informed basis set (left) and the sFIR algorithm (right). 
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nd despiking. The input data could be 3D volume (NIfTI), 2D surface

GIfTI), or text, or .mat file, in native or MNI space (only for NIfTI/GIfTI

ata). 

HRF estimation and deconvolution will be performed after sev-

ral necessary parameter configuration: HRF basis function (includ-

ng: informed basis function, Gamma functions, Fourier set (Hanning),

smooth) Finite impulse response, nonparametric impulse response); du-

ation of HRF ( 𝑃 𝑇 ); minimum/maximum time delay ( 𝑘 ); microtime

esolution for onset estimation; serial correlation model (AR); thresh-

ld for point process detection ( 𝜆); temporal mask to exclude spurious

vents; HRF deconvolution algorithms (e.g. Wiener filter). rsHRF out-

ut includes the number of events, HRF parameters (RH, TTP, FWHM),

econvolved data. A simple demo script is shown in Table 1 . The outlier

etection and replacement procedure can be performed on HRF param-

ters and deconvolved data for 3D volume images. 

It is worth stressing that the shape parameters are retrieved after the

RF estimation and are not part of the estimation procedure itself. 

Seed to voxel or ROI (region of interest) to ROI functional con-

ectivity (FC) analysis can be further implemented based on the data
 S  

3 
ith or without deconvolution. There are two ways for ROI setting,

1) sphere definition based on the coordinates, (2) atlas. Several func-

ional connectivity measures are provided in rsHRF Matlab toolbox, (1)

earson/Spearman (partial) correlation, (2) pairwise/partially condi-

ioned/conditioned Granger causality ( Marinazzo et al., 2012 ; Wu et al.,

013a,b ). 

.3. rsHRF development 

To facilitate running and testing rsHRF with continuous integration,

e feature a unit testing framework for all HRF estimation algorithms

nd iterative Wiener deconvolution, both in Matlab and Python. 

.4. Compatibility and interoperability 

Both as a SPM extension, and as a Python BIDS-App, the toolbox is

ompatible with data organized according to the Brain Imaging Data

tructure (BIDS). As such it is fully modular and can be inserted in an
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Table 1 

An example set of commands for resting-state HRF estimation in Matlab and Python. 

Matlab Code Python Code 

%basis function 

para.name = ’Gamma functions’; import numpy as np 

from rsHRF import spm_dep, utils, basis_functions 

para = {} 

para[’estimation’] = ’gamma’ 

% number of basis functions 

para.order = 3; para[’order’] = 3 
%TR = 2 s 
para.TR = 2; para[’TR’] = 2 
%Microtime resolution = TR/3 s 

para.T = 3; para.T0 = 1;para.dt = para.TR/para.T; para[’T’] = 3; 

para[’T0’] = 1; 

para[’dt’] = para[’TR’]/para[’T’] 

%AR(1) noise autocorrelation. 

para.AR_lag = 1; para[’AR_lag’] = 1 
% (mean + para.thr ∗ standard deviation) threshold to detect event. 

para.thr = 1; para[’thr’] = 1 
% length of HRF, in seconds 

para.len = 24; para[’len’] = 24 

% minimum/maximum delay allowed between event and HRF onset (seconds) 

mint = 4; maxt = 8; 

para.lag = fix(mint/para.dt):fix(maxt/para.dt); 

para[’min_onset_search’] = 4, para[’max_onset_search’] = 8 
para[’lag’] = np.arange(np.fix(para[’min_onset_search’] / para[’dt’]), 

np.fix(para[’max_onset_search’] / para[’dt’]) + 1, dtype = ’int’) 

% temporal mask, no event was excluded 

Tmask = []; Tmask = [] 
% HRF estimation 

[beta_hrf, bf, event_bold] = 
rsHRF_estimation_temporal_basis(boldsig,para,Tmask); 

bf = basis_functions.basis_functions.get_basis_function(bold_sig.shape, para) 

beta_hrf, event_bold = utils.hrf_estimation.compute_hrf(data, para, Tmask, 1, bf = bf) 

% estimated HRF 

HRF = bf ∗ beta_hrf(1:size(bf,2),:); HRF = np.dot(bf, beta_hrf[np.arange(0, bf.shape[1]),:]) 
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p  
nalysis pipeline (typically after the preprocessing steps). The toolbox

an also be run on the cloud thanks to the inclusion in brainlife.io. 

.5. Datasets and analyses 

.5.1. Simultaneous IOS and LFP recording from a Sprague-Dawley rat 

The spontaneous LFP and IOS in SI were simultaneously recorded

rom a Sprague-Dawley rat (male) under 1.8–2% isoflurane anesthesia,

hich was detailed described in ( Pan et al., 2018 ). In the current study,

e used the optical recording measured at 525 nm. 

The physiological pulses of respiratory and cardiac rates in the IOS

ere removed with notch-filters. The envelope of 1–100 Hz LFP ampli-

udes were obtained using the Hilbert transform. Before HRF estima-

ion, both IOS and LFP envelope were detrended and down-sampled to

 and 0.5 Hz, and the IOS was further temporally band-pass filtered

0.01–0.1Hz). The HRFs estimated with the LFP envelope or the point

rocess of the LFP envelope (LFP pp ) as input acted as the ground truth;

e denote them as HRF LFP and HRF LFP-pp respectively. Here LFP pp is

onstituted by the time-shifted delta functions. The HRFs blindly esti-

ated from the IOS data are denoted by HRF blind . To explore whether

H changes in blindly estimated HRF (HRF blind ) is proportional to RH

hanges in measured HRF, we estimated HRF within a sliding window of

 seconds ( L = 150, 160…, 230, 240). Successive windows were shifted

y 4 s (see rsHRF_demo_LFP_IOS.m for details). 

.5.2. Resting-state fMRI dataset (Human Connectome Project) 

The first resting-state fMRI dataset used here as an exam-

le is the Human Connectome Project ( Van Essen et al., 2013 ).

he rsHRF was retrieved from resting state scans of 878 sub-

ects, taken from the minimally processed dataset, both in grey

nd white matter. The resulting maps have been uploaded on neu-

ovault ( https://neurovault.org/collections/9465/ ) and can be found

n figshare too: ( https://figshare.com/articles/voxelwise_resting_state_

RF_shape_WM_and_GM_/7139702 ). Here we report an representative

gure ( Figure 2 ), in which the different shape in grey and white matter

s evident. 
4 
.5.3. Resting-state fMRI dataset (UCLA Consortium for Neuropsychiatric 

henomics) 

The second resting-state fMRI dataset used in this study has been

ublicly released by the UCLA Consortium for Neuropsychiatric Phe-

omics ( Poldrack et al., 2016 ), consisting of both healthy individuals

130 subjects) and individuals with neuropsychiatric disorders including

chizophrenia (50 subjects), bipolar disorder (49 subjects), and attention

eficit/hyperactivity disorder (ADHD, 43 subjects). For both healthy

nd patient groups, participants were aged between 21 and 50 years.

he resting-state fMRI data were collected on two 3T Siemens Trio scan-

ers using a T2 ∗ -weighted EPI sequence with the following parameters:

R = 2 s, TE = 30 ms, flip angle = 90°, matrix 64 × 64, FOV = 192 mm, slice

hickness = 4 mm, 34 slices, duration = 304 s. 

The dataset has been pre-processed using the fMRIprep

ipeline ( Gorgolewski et al., 2017 ), and can be accessed at

ttps://www.openfmri.org/dataset/ds000030/ . Seventy subjects with

ean framewise displacement (FD) > 0.2 were excluded for further

nalysis. Afterwards, several confounding variables were regressed out

rom the volume/surface based BOLD signals: (1) six motion artefact

arameters and their temporal derivatives, (2) non-neuronal sources

f noise estimated using two separate approaches by the anatomical

omponent correction method: (a) top six principal components from

ubject-specific white matter and cerebrospinal fluid mask (for surface

ased BOLD signal analysis), (b) top five principal components from

ubject-specific cerebrospinal fluid mask (for white matter BOLD

ignal analysis), and (3) the first-order Legendre polynomial. Then the

esidual time series were temporally band-pass filtered (0.01–0.1Hz),

nd despiked with a hyperbolic tangent squashing function. Finally, the

ata were blindly deconvolved using the hemodynamic deconvolution

lgorithm, with Gamma functions / Fourier set as the basis functions

see rsHRF_demo_UCLA_batch.m for details). 

.5.4. Voxelwise/ROIwise HRF analysis 

Statistical inference on the voxelwise white matter HRF was

erformed with a multivariate analysis program 3dMVM in AFNI

https://neurovault.org/collections/9465/
https://figshare.com/articles/voxelwise_resting_state_HRF_shape_WM_and_GM_/7139702
https://www.openfmri.org/dataset/ds000030/
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Table 2 

Averaged Pearson correlation coefficients (with standard deviation) among the 

amplitudes of HRF across different size of sliding windows. Each Pearson cor- 

relation coefficient was calculated based on the RHs obtained from a sliding 

window of L seconds ( L = 150, 160,…, 230, 240). 

𝒓 TR = 1 s TR = 2 s 

HRF blind vs. HRF LFP-pp 0.55(0.11) 0.59 (0.05) 

HRF blind vs. HRF LFP 0.82(0.04) 0.79 (0.04) 

HRF LFP vs. HRF LFP-pp 0.60(0.19) 0.62(0.04) 
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Fig. 3. (A) LFP envelope and IOS data. HRFs (HRF LFP , HRF LFP-pp , and HRF blind ) 

retrieved from the whole data (B) and averaged HRFs across sliding windows of 

200s (C, mean (solid line) + standard deviation (shadow)). The smaller panels 

within B and C display peak normalized HRFs. 
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1  
 Chen et al., 2015 ). We applied 3dMVM on the smoothed HRF param-

ters (6 mm Gaussian kernel), with HRF parameters (RH, FWHM, TTP)

s the within-subjects factor, and the group as a between-subjects fac-

or (healthy controls, schizophrenia, bipolar disorder, ADHD), age, gen-

er, scanner and mean FD as the covariates. Type I error due to mul-

iple comparisons across voxels was controlled by false discovery rate

FDR) at voxel level. Statistical significance for group analysis was set

t p FDR < 0.05. 

The surface-based ROIwise HRF was estimated using the Yeo 7-

etwork parcellation ( Yeo et al., 2011 ). The Matlab code of multivariate

nalysis of variance ( manova.m ) was employed as an alternative way for

tatistical analysis of HRF parameters. There are four different methods

rovided in manova.m : Wilks’ lambda, Pillai’s trace, Hotelling-Lawley

race, Roy’s maximum root statistic. Here we only report results from

oy’s maximum root statistic. 

.5.5. Brain connectivity analysis and connectome-based predictive 

odelling 

The cross-sectional studies have indicated that age can be predicted

rom the FC of ICNs. A longitudinal study further demonstrated that de-

ault mode network (DMN) play an important role in aging ( Ng et al.,

016 ). Here, we predict the individual age difference on healthy subjects

rom the FC of DMN. The coordinates of 9 ROIs (sphere of 6 mm radius)

rom the DMN were adopted from Raichle (2011 ) (see supporting mate-

ial Table S2). FC was computed among 9 ROIs using partial Pearson’s

orrelation. For comparison, ROI-to-ROI FC analyses were performed

oth on the signals with and without hemodynamic deconvolution. 

Briefly, we employ relevance vector regression (RVR) algorithm to

enerate a predictive model of the age from FC matrices ( Tipping, 2001 ),

ith gender, and mean FD as covariates, implementing in the PRoNTo

oolbox ( http://www.mlnl.cs.ucl.ac.uk/pronto/ ). The leave one out

ross-validation was used to evaluate the performance of RVR algo-

ithm. The Pearson correlation coefficient ( r ) and mean absolute error

MAE) were calculated between the actual and the predicted age for the

verall model performance. The statistical significance of model perfor-

ance was assessed by permutation test. As the rsfMRI datasets were

ollected from two scanners, we applied RVR model on two datasets

eparately. To assess the generalizability of the predictive model, we

ake one dataset as training data and another one as the test dataset. 

. Results 

.1. Simultaneous IOS and LFP recording 

HRFs were estimated based on the finite impulse response (FIR)

odel. Fig. 3 displays the HRFs with TR = 1s (HRFs with TR = 2s are

imilar). Regardless of scale factor, the temporal profile of HRF blind 

xhibits a large overlap with the temporal profile of HRF LFP-pp , even

hen only parts of the data are used ( Fig. 3 B). Moreover, the ampli-

udes of the blindly estimated HRF (HRF blind ) are positively correlated

ith the ones of the ground truth (HRF LFP or HRF LFP-pp ), using differ-

nt TRs ( Table 2 ). The Pearson correlation coefficient of HRF parame-

ers between the blindly estimated HRF and the ground truth is higher

or HRF LFP than HRF LFP-pp . Nonetheless, the response height (RH) of

RF LFP-pp is proportional to the RH of HRF LFP , which indicates that
5 
he temporal information of LFP envelope signals can be represented

s point processes. 

.2. Group HRF differences 

In the white matter HRF analysis, the statistical maps of HRF param-

ters reveal that resting-state HRF varied across four groups ( Fig. 4 A).

here was a main effect of group in the genu of corpus callosum and an-

erior corona radiata ( p < 0.05, FDR corrected). The post-hoc analysis was

urther demonstrated in the supplementary material (Fig. S1). Finally,

he HRF viewer was provided to visualize the HRF shape differences in

oxel/ROI level ( Fig. 4 B). 

For ROIwise analysis, the Roy’s maximum root statistic indicated

hat the significant main effect of group was identified in dorsal atten-

ion and frontoparietal network ( p < 0.05, FDR corrected). However, no

ignificant result was found in post-hoc analysis without a priori com-

arisons. 

.3. Effects of HRF deconvolution on connectome-based prediction 

The RVR algorithm could reliably predict age from FCs estimated

rom BOLD signal with and without hemodynamic deconvolution

 Table 3 ). We found model performance and generalization are im-

roved when using the BOLD signal was deconvolved. 

.4. Comparing results between matlab and python 

The results are virtually the same (pointwise Pearson correlation be-

ween HRF shape greater than 0.99999), for all the estimation types

supplementary Fig. S2), checked with the compare.py script in the

ython repository https://github.com/BIDS-Apps/rsHRF/tree/master/ 

onsistency _ test . 

. Computational cost 

To quantify the computational cost, we report the running time

f seven HRF estimation algorithms by running each algorithm with

he parameters in Table 1 on a single core of the same computer

listed in Table 4 ). The toolbox was tested on a surface data (sub-

0171_task-rest_bold_space-fsaverage5.L.func.gii, which is available at

http://www.mlnl.cs.ucl.ac.uk/pronto/
https://github.com/BIDS-Apps/rsHRF/tree/master/consistency_test
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Fig. 4. (A) main effect of group. p < 0.05 FDR correction at voxel level, cluster size > 20 voxels. (B) Illustration of rsHRF Viewer graphical interface, left: typical 

graphical interface after loading the statistical image and HRF mat files; right: the output (mean (solid line) + standard error (shadow)) after clicking ‘plot’. 

Table 3 

The model performance of individual age prediction. MAE: mean absolute error. 

BOLD Deconvolved BOLD 

r MAE r MAE 

Scanner 1 (n = 79) –0.112( p = 0.737) 7.337( p = 0.472) 0.269( p = 0.005) 6.573( p = 0.003) 

Scanner 2 (n = 20) 0.429( p = 0.006) 5.220( p = 0.004) 0.784( p < 0.001) 3.751( p < 0.001) 

Model generalization from Scanner 1 to Scanner 2 0.0413( p = 0.386) 6.407( p = 0.053) 0.364( p = 0.05) 11.059( p = 0.884) 

Model generalization from Scanner 2 to Scanner 1 0.163( p = 0.162) 34.817( p = 0.741) 0.167 ( p = 0.021) 14.895( p = 0.415) 

Table 4 

The running time of seven HRF estimation algorithms (input data: 9354 variables with 152 samples). The tests were run on the Dell Precision T1700 with the 

following specifications: Operating System: Windows 10 Pro 64-bit; Processor: Intel(R) Xeon(R) CPU E3-1240 v3 @ 3.40 GHz, Installed memory (RAM): 32 GB). 

Time Taken (s) Canonical 

HRF + time 

derivative 

Canonical 

HRF + time & 

dispersion 

derivatives 

Gamma 

functions 

Fourier set Fourier set 

(Hanning) 

FIR sFIR 

Matlab (R2020a) 38.0 43.1 44.8 60.4 59.2 74.3 105.8 

Python (3.8.5) 546.7 554.5 557.6 587.9 590.0 607.5 529.0 

6 
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ttps://www.nitrc.org/frs/?group_id = 1304# ). Increasing the number

f cores could decrease the computational time. 

. Discussion 

We introduce a Matlab/Python toolbox for resting-state HRF estima-

ion, deconvolution, and visualization. The toolbox offers both the user-

riendly GUI and the command-line option to implement resting-state

rain activity and connectivity analysis. The feasibility and effectiveness

f the proposed algorithm are validated on the co-localized optical and

lectrical signals simultaneously recorded from the rat SI under burst-

uppression anaesthesia condition. Our results showed that the ground

ruth HRF can be recovered by blind HRF retrieval algorithms. A pub-

icly available dataset was further employed to demonstrate its function-

lity. We found that HRF vary across different psychiatric diseases, and

emodynamic deconvolution may improve prediction of age by resting-

tate FC, which complement the growing evidence for a beneficial effect

f HRF deconvolution in resting-state brain connectivity analysis. 

We assume that the hemodynamic responses for all spontaneous neu-

al events at all locations in the brain can be represented uniquely as a

inear combination of the corresponding basis vectors. The “informed ”

asis set (canonical HRF with its delay and dispersion derivatives) were

mployed in previous studies ( Wu et al., 2013b , 2019 ). The HRF can also

e reconstructed via FIR ( Goutte et al., 2000 ; Ciuciu et al., 2003 ) or us-

ng ‘selective averaging’ ( Dale and Buckner, 1997 ). The (smooth) FIR

odel allows us to perform HRF estimation and deconvolution for dif-

erent imaging techniques (OSI and fMRI) and species (rat and human)

 Goutte et al., 2000 ). However, the FIR model may induce more bias in

he recovery of temporal characteristics of HRF (FWHM and T2P) in con-

rast to the canonical HRF with two derivatives. In our validation exper-

ments, we employed the Gamma functions and Fourier set ( Henson and

riston, 2007 ) as the basis functions to demonstrate the HRF differences

cross different psychiatric diseases. In addition, the nonparametric im-

ulse response estimation algorithm was also provided in rsHRF (only in

atlab version rsHRF_estimation_impulseest.m ) for regularized estimates

f HRF with different regularizing kernels. Our result showed that the

onparametric impulse response function works well in rat IOS. More

etailed information of the validity and power of generic HRF models

ave been explored in previous studies ( Lindquist et al., 2009 ). 

Numerous studies have investigated the grey matter HRF characteris-

ics in response to simple or complex tasks. Based on these task HRFs, we

re able to assess the contribution of aging, pathologies and genetic fac-

ors to HRF variability ( Shen et al., 2017 ; Turner et al., 2019 ; West et al.,

019 ). The resting state HRF reduce the complexity of task design and

llow us to explore hemodynamic response in special population, such

s the unconscious patients ( Wu et al., 2019 ). The surface-based ROIwise

RF difference detected in this study were consistent with previous find-

ngs of HRF alteration across different psychiatric diseases ( Tamm et al.,

004 ; Lagopoulos et al., 2007 ; Mayer et al., 2013 ). The machine learning

esults further indicated HRF variability may confound the functional

onnectome fingerprinting. We cannot find any model generalization

apability in the independent sample using the FC model without HRF

econvolution. This also explains that recent finding showed that brain-

ge prediction is low with the FC model in the large sample dataset

 de Lange et al., 2020 ). Interestingly, the HRF deconvolved data could

roduce reliable biomarkers for brain-age prediction, even using the fea-

ures from small sample dataset. Nonetheless, further validation is re-

uired with different networks/atlas and large sample dataset, as the ac-

uracy of brain-age prediction may improve with increasing sample size

nd age range ( de Lange et al., 2020 ). It is also worth to mention that,

RF deconvolution procedure model the autocorrelation of BOLD sig-

al, which may alter the graph theoretical description of human connec-

ome ( Afyouni et al., 2019 ). A recent event-related cognitive task study

haracterized distinct HRFs profiles in white matter compared to grey

atter ( Li et al., 2019 ). Here we estimate the resting state HRF charac-

eristics in white matter for the first time to assess the white matter HRF
7 
ariability. Our results indicate HRF alteration across healthy controls

nd different psychiatric diseases in the genu of corpus callosum and the

nterior corona radiata. This is concordant with previous diffusion MRI

ndings delineate that corpus callosum and anterior corona radiata mal-

unctioning are always linked with neurodevelopmental and psychiatric

isorder ( Pavuluri et al., 2009 ; Davenport et al., 2010 ; van der Knaap

nd van der Ham, 2011 ). In fact, the genu of corpus callosum contains

igh density of thin myelinated axons which connect the prefrontal cor-

ex and higher order sensory areas. The anterior corona radiata extends

rom ventrolateral and dorsolateral prefrontal cortex primarily to pre-

ectum. The psychiatric disease was associated with disturbances in the

refrontal regions. Resting state HRF can thus provide new insights on

he functional architecture of the pathological brain in white matter. 

One question that can arise is whether the rsHRF could be used as

 proxy of the task-evoked HRF. The rationale would be that one can

hink of the HRF as a fixed transfer function between neural activity and

emodynamics, and in this sense it should be constant across tasks. Yet

ncreasing evidence points to a variability of the HRF across tasks and

onditions ( Handwerker et al., 2012 ; Elbau et al., 2018 ; Taylor et al.,

018 ; Cardoso et al., 2019 ). In this sense we would certainly encourage

and engage ourselves in) more research along these lines, using hierar-

hical and clustering approaches to find one or more HRFs per voxel and

er subject across tasks, but in this paper aimed to present the toolbox

tself we did not feel comfortable in proposing the rsHRF as a benchmark

r prototype for a universal HRF. 

A further aspect complicating this issue is that in the span of a TR,

everal neural events could happen and potentially overlap. This has

een addressed only recently for EEG, and in case of a clear design ma-

rix ( Ehinger and Dimigen, 2019 ), and the approach could be extended

o fMRI and to blind detection of pseudoevents. 

Then there is the trade-off between assuming that the rsHRF does

ot change over an acquisition, and thus more events would result in

etter estimation, or to account for a variability of the rsHRF across the

ame acquisition. Here we position ourselves in the middle, and go for a

session-specific ” rsHRF. The optimal number of events necessary for a

table rsHRF estimation is also a variable quantity depending on the sig-

al to noise ratio (SNR), on possible simultaneous events, of signal vari-

bility. Without giving a definitive answer, we have performed simula-

ions on two extreme cases (SNR 0 and SNR 10, rsHRF_sim_events_CV .m),

btaining a stabilization in the coefficient of variation after 3 events in

he former case, and 16 in the latter. 

Finally a word on breath hold paradigms. These protocols have

roven extremely useful in calibration of the BOLD signal and the as-

essment of cerebrovascular reactivity ( Murphy et al., 2011 ; Moia et al.,

020 , 2021 ). By construction the point-process approach on which this

oolbox rests, does not apply in breath hold paradigms. 
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