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Abstract: Background: There is growing interest in ultra-high field 

magnetic resonance imaging (MRI) in cognitive and clinical neuroscience 

studies. However, the benefits offered by higher field strength have not 

been evaluated in terms of effective connectivity and dynamic causal 

modelling (DCM). 

 

New method: In this study, we address the validity of DCM for 7T 

functional MRI data at two levels. First, we evaluate the predictive 

validity of DCM estimates based upon 3T and 7T in terms of 

reproducibility. Second, we assess improvements in the efficiency of DCM 

estimates at 7T, in terms of the entropy of the posterior distribution 

over model parameters (i.e., information gain). 

 

Results: Using empirical data recorded during fist-closing movements with 

3T and 7T fMRI, we found a high reproducibility of average connectivity 

and condition-specific changes in connectivity - as quantified by the 

intra-class correlation coefficient (ICC = 0.862 and 0.936, 

respectively). Furthermore, we found that the posterior entropy of 7T 

parameter estimates was substantially less than that of 3T parameter 

estimates; suggesting the 7T data are more informative - and furnish more 

efficient estimates. 

 

Compared with existing methods: In the framework of DCM, we treated 

field-dependent parameters for the BOLD signal model as free parameters, 

to accommodate fMRI data at 3T and 7T. In addition, we made the resting 

blood volume fraction a free parameter, because different brain regions 

can differ in their vascularization.  

 

Conclusions: In this paper, we showed DCM enables one to infer changes in 

effective connectivity from 7T data reliably and efficiently.   

 



 

 

 

 



April 16, 2018 
 
Giuseppe Di Giovanni, Ph.D. 
Editor-in-Chief, Journal of Neuroscience Methods  
Professor, University of Malta 
Msida MSD 2080 
Malta 
 
 
Dear Dr. Giuseppe Di Giovanni,  
 
 
Please find attached our revised manuscript for JNEUMETH-D-18-00131R1 titled “A 
Validation of Dynamic Causal Modelling for 7T fMRI” authored by S. Tak, J. Noh, C. Cheong, 
P. Zeidman, A. Razi, W.D. Penny, and K.J. Friston. Our point-by-point responses to the 
reviewers’ comments are attached separately. We have enclosed the following materials:  

1. Response to reviews,  
2. A marked copy of our manuscript showing all the changes that have been made,  
3. An unmarked, clean copy of our manuscript.  

 
I have read and have abided by the statement of ethical standards for manuscripts submitted to 
the Journal of Neuroscience Methods.  
 
Thank you for your time and consideration of this manuscript. We look forward to hearing 
from you.  
 
Yours sincerely, 
 
 
Sungho Tak, Ph. D 
Research Scientist, Korea Basic Science Institute  

Ethical Standards Agreement
Click here to download Ethical Standards Agreement: cover_letter.pdf

http://ees.elsevier.com/jneumeth/download.aspx?id=398281&guid=b953775b-c43e-4bb5-a147-83427717ae2d&scheme=1


1 

 

JNEUMETH-D-18-00131R1 

S. Tak, J. Noh, C. Cheong, P. Zeidman, A. Razi, W. Penny, K. Friston 

Response to Reviews 

 
We very much appreciate the comments provided by the reviewers and the opportunity to submit a 

revised manuscript. Our responses to specific concerns of the reviewers are detailed below.  

 

 

1. Reviewer #1 
 

“I've read the manuscript in detail. Actually the authors have submitted it before in other (not method-

related) journals and shaped it in a near perfect level. The issue is obviously important in 

documentary level, as high field MRI devices will be gaining popularity. However, unfortunately, I 

can't see any new neuroscientific method in the manuscript and regretfully cannot recommend it for 

publication in JNeuMeth. I believe that there exist plenty of other high quality journals in which it 

could be published -even as-is-.” 

 

2. Reviewer #3 
 

“Current computational research paper is well organized and suitable for the journal's publication 

aims. Two level fMRI checking idea is nice. The results are satisfactory. This paper can be accepted 

for possible publication.” 

 

3. Reviewer #4 
 

1) “The manuscript is a validation study of the DCM model at two different scanners with two 

different field strengths (3T and 7T). The authors conclude that their results at the lower field 

strength are reproducible at 7T and that the latter provides more information. 

 

The manuscript was already under review at two other journals (NeuroImage and Human 

Brain Mapping), where it was rejected. The authors also provide responses to the last review 

round. 

 

I find the paper well-written and concise using solid methodology with only minor spelling 

errors in the "Image processing" Section (page 11):  

- "using and a fine" --> "using an affine" 

- "(Dyun, 201)" --> "(Dyun, 2012)" 

- two commas after the bias model (page 12, line 5) 

I also find the topic very timely and important.” 

 

We thank the reviewer for the helpful comments. We corrected the spelling errors in the 

“Image processing” Section as follows:  

 

“The effects of head motion were suppressed by spatially realigning all time frames to the first 

image, using an affine (six parameter) spatial transformation.” 

 

“7T MR images are usually corrupted by higher radio-frequency (RF) effects that can 

produce non-uniform image intensities (Dyun, 2012).” 

 

“In the parametric bias correction model, the observed signal (y) is given by y=μ/ρ+n, where 

*Revision Notes
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μ is an un-corrupted signal, ρ is bias, and n is Gaussian noise that is independent of the bias 

(Ashburner and Friston, 2005).” 

 

2) “However, reviewer 2 raised an important question in his third comment: It seems that during 

the revision the results changed strikingly (cf. "winning model"). I do understand the rational 

for the new outline of the paper, but I find the response of the authors to the reviewers 

comment insufficient: How robust are the results with respect to parameter settings? If the 

authors made some fine tuning on this, this should be reported! I find the arguments for using 

a FFX model compelling which raises the question, why the authors did not use it in first 

place? If the authors have some results on this robustness, they should be reported or at least 

discussed in this reproducibility(!) study.” 

 

Many thanks for these observations. The reason that the analysis changed from a random to a 

fixed effects analysis reflected, in part, a lapse in our focus and a rationalisation of our 

approach based upon the first round of reviewers comments. This is not really a fine tuning of 

the analysis. We would not recommend a random effects analysis in this context, irrespective 

of our earlier (misguided) analyses. The issue of robustness is clearly an important one. 

Happily, the analysis reported in the current paper is more robust, because there are more free 

parameters (and less reliance on prior assumptions). In this sense, we are offering a procedure 

that will allow people to test the robustness of their model comparison given any data at hand. 

If people follow the procedure described in the current paper, there should be no latitude for 

fine tuning and the ensuing model comparisons should afford an uncomplicated measure of 

efficiency and data quality. We will be happy to go into this further if you thought it was 

necessary.  

 

4. Reviewer #5 
 

1) “This manuscript compare the dynamic causal modelling on 3T and 7T to demonstrate the 

feasibility of this type of analysis on higher field MRI.  

 

This is an interesting topic which is hardeous to quantify. Indeed, the acquisition parameters 

are different (smaller voxels, not isotropic, different smooth to accommodate the different 

voxel sizes, etc.) and thus the quantification of their similarities might not be accurate. 

Nevertheless, the authors did a two step approach for this: they compared intra-class 

connectivity at 3T and 7T, and computed the entropy of the Bayes fitting. 

 

Overall, I mostly have general critics in regard of their paper, which aim is to help to better 

illustrate their point. 

 

1) The difference in voxel size and acquisition parameters is concerning (but, I know, 

necessary). Yes, the reproducibility is convincing (first result), but the entropy measure is for 

me irrevelant. The 3T images smoother, more prone to partial volume from large (and smaller) 

veins (as they pointed out), so it is expected to have less specificity than 7T. The entropy result 

should be toned down, in my opinion.” 

 

We appreciate the helpful comments raised by the reviewer. fMRI data at 7T were acquired 

with higher spatial resolution, compared to 3T data. It is necessary to smooth both 3T and 7T 

data to ensure the images conform to the assumptions of random field theory (commonly used 

to correct for multiple comparisons (Friston et al., 1994; Worsley et al., 1996)). The levels of 

smoothing applied to 3T and 7T data were in line with standard practice, which suggests that 

smoothness should be at least twice voxel size before applying random field theory (Worsley 

and Friston, 1995). Smaller-voxel acquisitions at 7T therefore allowed for smoothing with a 
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narrower Gaussian kernel, that may have reduced partial volume effects associated with 

draining veins. In consequence, the benefits of 7T may include a greater contribution of 

neuronal activation to the measured BOLD response (Wald et al., 2012), that led to more 

precise estimates of DCM parameters at 7T.  

 

To address the reviewer’s comment, we have added information about the levels of smoothing 

to the Discussion section as follows:  

 

“Another interesting issue is why the high field data provided more precise estimates. Power 

results suggest that 7T data provided more precise estimates of DCM parameters, including 

effective connectivity, compared to 3T data. This finding could be due to an attenuation of 

partial volume effects arising from the smaller voxels and reduced smoothing at 7T. 

Specifically, fMRI data at 7T were acquired with higher spatial resolution, compared to 3T 

(see the Methods section for details). Both 3T and 7T data were then spatially smoothed, to 

ensure the images conform to the assumptions of random field theory (commonly used to 

correct for multiple comparisons (Friston et al., 1994; Worsley et al., 1996)). The levels of 

smoothing applied to 3T and 7T data were in line with standard practice, which suggests that 

smoothness should be at least twice voxel size before applying random field theory (Worsley 

and Friston, 1995). Smaller-voxel acquisitions at 7T therefore allowed for smoothing with a 

narrower Gaussian kernel, that may have reduced partial volume effects associated with 

draining veins (van der Zwaag et al., 2009; Wald et al., 2012).  

 

The benefits of 7T may include a greater contribution of neuronal activation to the measured 

BOLD response (Wald et al., 2012). In consequence, although we used spheres of the same 

size to specify ROIs for both the 3T and 7T data, we observed that the greatest t-value in each 

ROI for 7T was higher than that for 3T. In principle, this should furnish more precise 

estimates of effective connectivity at 7T. Our results correspond to the findings of previous 

studies, showing that estimates of functional connectivity improve with spatial resolution at 

higher field strength (Newton et al., 2012; Vu et al., 2016). Again, in principle, it should be 

possible to examine the Bayesian estimates of random fluctuations that underlie this increase 

in precision (or efficiency). However, these comparisons are often confounded by many 

moving parts (i.e., differences in repetition time, differences in the number of scans and so on). 

Although it is difficult to generalize conclusions about the validity of any inference scheme 

beyond the data examined, the results of the current analysis are encouraging and speak to 

further cross evaluation.”  

 

 Friston, K.J., Worsley, K.J., Frackowiak, R.S., Mazziotta, J.C. and Evans, A.C., 1994. 

Assessing the significance of focal activations using their spatial extent. Hum. Brain Mapp. 1, 

210-220. 

 Worsley, K.J., Marrett, S., Neelin, P., Vandal, A.C., Friston, K.J. and Evans, A.C., 1996. A 

unified statistical approach for determining significant signals in images of cerebral activation. 

Hum. Brain Mapp. 4, 58-73. 

 Worsley, K.J. and Friston, K.J., 1995. Analysis of fMRI time-series revisited—again. 

Neuroimage 2, 173-181. 

 

2) “2) ..and about this fact, I think the paper need Figures (MRI figures, with "activations" of 

their fist closing task (or anything showing the effect of smoothing)) showing the regions of 

interest and how they were selected. My point is: the ROIs are selected has large spheres in 

which the BOLD is, I supposed, averaged. As 3T and 7T data are not smoothed equally (i.e. 

don't have the same resolution), I'm not sure they should have the same size, or that the signal 

should be averaged (it should at least match the expected point spread function.  
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The rest of the analysis is well done, and I think the paper is (almost) fit for publication.” 

 

Thank you. As suggested, we have added a figure in the section “DCM analysis”, which 

shows BOLD activation during fist-closing movements and the corresponding subject-

specific regions of interests (ROIs) used in the DCM analysis. We have also added further 

description to the text.  

 

“… Based on these findings, we selected eight ROIs, including M1, PMC, SMA, and V5 in the 

left and right hemispheres. Time series for each subject were then summarised from each ROI 

with the first principal component of all voxels that survived a threshold of p < 0.001, 

uncorrected, within a 4 mm sphere centred on subject specific peak coordinates in the 

appropriate SPM. BOLD activation and subject-specific region selection for the fist-closing 

movements are shown in Fig. 1. …”  

 

On the other hand, we believe spheres of the same size would be appropriate to specify ROIs 

for both the 3T and 7T data. This is because there is no objective metric to choose different 

size of ROIs for 3T and 7T data, and larger diameter spheres would lead to overlap ROIs from 

M1, SMA, and PMC in the same sphere or SMA in both hemispheres. In addition, singular 

value decomposition for calculating the first principal component time series from the ROIs is 

necessary to denoise BOLD data at 3T and 7T.  

 

 

We hope that these revisions are what you and the editor had in mind. 
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Figure 1. BOLD activation and subject-specific region selection for the fist-closing movements. Statistical 

parametric maps of the T-statistic at 3T and 7T – based on a whole brain SPM analysis – are shown in the 

left (a, c, e) and right panels (b, d, f), respectively. The spatial locations of the regions of interest (ROIs) for 

DCM analysis at 3T and 7T are shown on (g) and (h), respectively. The statistical parametric maps were 

thresholded at a voxel level of p < 0.05, corrected using random field theory, and then superimposed on the 

canonical surface mesh (distributed with SPM12). DCM defines each ROI in the SPMs of each individual 

subject. We therefore identified the individual coordinates of the ROIs as the subject-specific maximum 

within the respective mask (based on the anatomical constraints, and group coordinates). Time series for 

each subject were then summarized – for each ROI – with the first principal component of a 4-mm radius 

sphere.  
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Research Highlights  

- We address the validity of Dynamic Causal Modelling (DCM) for 7T fMRI at two levels. 

- We evaluate reproducibility and efficiency of DCM estimates across field strengths.  

- High reproducibility of effective connectivity between 3T and 7T was observed.  

- Posterior entropy of 7T parameter estimates was less than that of 3T estimates  

- DCM enables inference about effective connectivity from 7T reliably and efficiently.  
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ABSTRACT 

Background: There is growing interest in ultra-high field magnetic resonance imaging (MRI) in 

cognitive and clinical neuroscience studies. However, the benefits offered by higher field strength 

have not been evaluated in terms of effective connectivity and dynamic causal modelling (DCM). 

New method: In this study, we address the validity of DCM for 7T functional MRI data at two 

levels. First, we evaluate the predictive validity of DCM estimates based upon 3T and 7T in terms 

of reproducibility. Second, we assess improvements in the efficiency of DCM estimates at 7T, in 

terms of the entropy of the posterior distribution over model parameters (i.e., information gain). 

Results: Using empirical data recorded during fist-closing movements with 3T and 7T fMRI, we 

found a high reproducibility of average connectivity and condition-specific changes in 

connectivity - as quantified by the intra-class correlation coefficient (ICC = 0.862 and 0.936, 

respectively). Furthermore, we found that the posterior entropy of 7T parameter estimates was 

substantially less than that of 3T parameter estimates; suggesting the 7T data are more informative 

- and furnish more efficient estimates.  

Compared with existing methods: In the framework of DCM, we treated field-dependent 

parameters for the BOLD signal model as free parameters, to accommodate fMRI data at 3T and 

7T. In addition, we made the resting blood volume fraction a free parameter, because different 

brain regions can differ in their vascularization.  

Conclusions: In this paper, we showed DCM enables one to infer changes in effective connectivity 

from 7T data reliably and efficiently.   

Word count = 248 

Key words:  

Dynamic Causal Modelling, 7T fMRI, Validation, Reproducibility, Efficiency 
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INTRODUCTION 

Functional magnetic resonance imaging (fMRI) measures the blood oxygenation level 

dependent (BOLD) signal as a reflection of neuronal activity. The signal arises from magnetic 

susceptibility differences between deoxygenated blood in venous vessels and the surrounding 

tissue (Ogawa et al., 1990). Intrinsic signal-to-noise ratio (SNR) and BOLD signal contrast 

increase with field strength, which can be exploited to improve spatial resolution (Yacoub et al., 

2001). These and related reasons have motivated an interest in using ultra-high field (7T and above) 

MRI in cognitive and clinical neuroscience studies (Martino et al., 2017). 

Several studies have investigated the potential benefits of 7T MRI for detecting and 

characterizing functional connectivity (Hale et al., 2010; Newton et al., 2012; Vu et al., 2016). 

Specifically, Hale et al., (2010) assessed the effects of increased contrast-to-noise ratio (CNR) - at 

higher field strength - on estimates of functional connectivity. They showed increased temporal 

correlation within the sensory motor and default mode networks at 7T, compared to 3T. In addition, 

Newton et al., (2012) and Vu et al., (2016) showed that improved spatial resolution reduced partial 

volume effects; allowing for more efficient estimates of functional connectivity throughout the 

brain at 7T. However, to our knowledge, there have been no studies exploring how the benefits 

offered by higher field strength influence estimates of effective connectivity, defined as the 

(model-based) influence of one (neuronal) system on another. 

In this paper, we address the efficiency of dynamic causal modelling (DCM) for 7T fMRI 

data. DCM is a method for inferring directed effective connectivity from brain imaging data, using 

Bayesian inference. Specifically, DCM has been developed for estimating effective connectivity 

from task-based and resting-state fMRI time series (Friston et al., 2003, 2014, 2017). Validity and 

test-retest reliability of DCM estimates at 3T have been investigated by numerous studies 
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(Schuyler et al., 2010; Razi et al., 2015; Frassle et al., 2015; Rowe et al., 2010). However, we do 

not know whether estimates of connectivity parameters are affected by the field strength, and how 

different field strengths affect the accuracy of those estimates. This paper addresses these issues 

by comparing neurodynamic parameters estimated from DCM-3T and DCM-7T. We hypothesized 

that estimates of connectivity and neural responses (induced and modulated by experimental input) 

do not differ when the BOLD signal is acquired at higher field strengths, since the underlying 

interactions between neuronal populations do not change. However, the efficiency of these 

estimates should increase with field strength; i.e., the posterior uncertainty should decrease with 

field strength. 

In brief, we address the effect of 7T data on DCM at two levels. First, we establish the 

predictive validity of DCM estimates based upon 3T and 7T in terms of reproducibility. DCM was 

applied to experimental data acquired during fist-closing movements at 3T and 7T fMRI (Grefkes 

et al., 2008; Frassle et al., 2015). Bayesian model averages (Penny et al., 2010) of effective 

connectivity parameters were then compared using the intra-class correlation coefficient (ICC) 

(Shrout and Fleiss, 1979). To illustrate the consistency of the results under both field strengths, we 

compared the neuronal and haemodynamic responses (under 3T and 7T) based on the respective 

Bayesian model averages. Second, given the higher intrinsic SNR at 7T over 3T, we ask whether 

the 7T affords more efficient parameter estimates. To quantify the reduction in posterior 

uncertainty, we assess the negative entropy of the (marginal) posterior distribution of DCM 

parameters from 7T and 3T fMRI. We predicted that the posterior entropy of 7T parameters 

estimates would be smaller, due to its improved spatial resolution and SNR. 

This paper is structured as follows. In the Methods section, we first review the generative 

model of fMRI data used in DCM, with a special focus on the field strength-dependent components. 
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We then illustrate the basic procedures by applying the DCM to 3T and 7T data which were 

acquired from the same subjects, under the same paradigm. In the Results section, we present the 

results of our comparative analysis, in terms of parameter estimates and the posterior confidence 

in these estimates at different field strengths. We conclude with a short discussion of future 

extensions of the current work. 
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METHODS 

The generative model of fMRI data in DCM comprises three components: (i) a 

neurodynamic model based on a network or graph of connected regions or nodes, (ii) a 

haemodynamic model mapping neuronal activity to haemodynamics at each node, and (iii) a 

BOLD signal model mapping haemodynamics to the measured BOLD signal (Buxton et al., 1998; 

Friston et al., 2000, 2003; Stephan et al., 2007). The following subsections describe each of these 

components. In particular, we focus on priors for the field strength-dependent parameters in the 

BOLD signal model; because physiological parameters in the neurodynamic and haemodynamic 

models are not affected by the field strength. This is followed by a description of image 

preprocessing, standard general linear model (GLM) and DCM analyses of the empirical data used 

in this study. 

 

Neurodynamic Model 

In DCM, neurodynamics are described by the following differential equation (Friston et 

al., 2003) 

                                                  (1) 

where t indexes continuous time and the dot notation denotes a time derivative. The entries in z 

correspond to neuronal activity in j = 1, ..., J regions, and u(i) is the i of M experimental inputs. 

An [J × J] matrix, �, denotes the effective connectivity between and within regions, and an [J × 

M] matrix, C, denotes the extrinsic influence of inputs on regional activity. The effective 

connectivity � is further characterized by an [J × J] matrix, A, that specifies which regions are 

connected in the absence of experimental input, and an [J × J] matrix, Bi, that specifies which of 

żt = =tzt + Cut

=t = A+
MX

i=1

ut(i)B
i,
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these average connections changes a result of input i. Usually, the Bi parameters are of greatest 

interest - as these describe how connections among brain regions respond to experimental 

manipulations. A strong connectivity means the directed influence of one region on another is 

manifest quickly or with a small time constant (Friston et al., 2003). This means that effective 

connectivity is measured in rate constants for hertz. Neuronal activity fluctuations in each region 

lead to changes in haemodynamic responses that cause the observed BOLD response (see below).  

 

The Haemodynamic Model 

The haemodynamic model involves a set of differential equations modelling changes in 

four haemodynamic variables; including vasodilatory signal s, inflow fin, volume of the venous 

balloon v, and total deoxyhemoglobin within the venous balloon q, normalized to their values at 

rest (Buxton et al., 1998; Friston et al., 2000). Based on empirical evidence DCM generally 

assumes a linear mapping between neuronal activity and blood flow (Miller et al., 2001): neuronal 

activity z causes an increase in an inducing signal s that drives the inflow change fin (Friston et al., 

2000): 

                                              (2) 

where " is the rate of signal decay, and # is the rate of autoregulatory feedback by blood flow. 

This model includes negative feedback from the blood flow fin on the inducing signal s. 

This inflow change then drives changes in blood volume v, and deoxyhemoglobin q 

(Buxton et al., 1998): 

                                            (3) 

ṡ = z � s� �(fin � 1)

ḟin = s

⌧ v̇ = fin � fout

⌧ q̇ = fin
E(fin, ⇢)

⇢
� fout

q

v
,
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with 

                                             (4) 

where $ is the mean transit time that represents the average time it takes to traverse the venous 

compartment, outflow fout is modeled as a power of blood volume, %is Grubb's exponent (Grubb 

et al., 1974), E is oxygen extraction fraction, and & is the resting oxygen extraction fraction. In Eq. 

3, the rate of blood volume changes '̇ is modeled as the difference between inflow and outflow 

from the venous compartment with a time constant $. The rate of deoxyhemoglobin changes )̇ is 

modeled as the delivery of deoxyhemoglobin into the venous compartment, minus that expelled. 

 

BOLD Signal Model  

The BOLD signal is modeled as (Buxton et al., 1998; Stephan et al., 2007): 

                       (5) 

where V0 is the resting blood volume fraction, q and v are normalized deoxyhemoglobin and blood 

volume content, respectively. The first and second terms describe the extravascular and 

intravascular signal, and the third describes the effect of changing the balance. The field-dependent 

parameters, k1, k2, and k3, are given by 

                                                        (6) 

where *+  is the frequency offset at the outer surface of the magnetized vessels, ,  is the ratio 

between intravascular and extravascular signal, -+ is the intravascular relaxation rate as a function 

of oxygen saturation, TE is the echo time, and & is the resting oxygen extraction fraction.  

fout = v1/↵

E(fin, ⇢) = 1� (1� ⇢)1/fin

y =
�S

S0
⇡ V0

h
k1 (1� q) + k2

⇣
1� q

v

⌘
+ k3 (1� v)

i
,

k1 = 4.3#0 · ⇢ · TE
k2 = ✏ · r0 · ⇢ · TE
k3 = 1� ✏,
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There are many other factors contributing to the magnitude of BOLD responses, including 

differences among scanners, head coil characteristics, and reconstruction algorithms (Muller, 2010; 

Friedman et al., 2008). In DCM, the observed BOLD response is usually normalized to reduce the 

effect of non-specific scaling factors. This normalization (i.e., global scaling of BOLD signal) does 

not affect the intrinsic SNR and spatial pattern of the BOLD signal and therefore does not affect 

regional interactions mediated by (estimated) neuronal responses in DCM. In particular, field 

strength-specific characteristics, such as increased SNR and reduced latency of the BOLD 

response at 7T (Yacoub et al., 2001; van der Zwaag et al., 2009) are modeled in terms of field-

dependent parameters, k1, k2, and k3. In this work, we therefore used the default parameter values 

for the BOLD signal model including *+, ,, -+, &, and TE (Friston et al., 2003; Stephan et al., 2007; 

Heinzle et al., 2016); however, we treated k1, k2, and k3 as free parameters, to accommodate fMRI 

data at 3T and 7T. We used a broad prior over k1, k2, and k3, so that prior standard deviations 

accommodate a range of parameter values for the BOLD signal model (i.e., *+, ,, -+, &, and TE). 

In addition, we made the resting blood volume fraction, .+, a free parameter, because different 

brain regions can differ in their vascularization. The prior mean and standard deviation on BOLD 

parameters are summarised in Table 1. 

 

Bayesian Model Inversion 

The observed BOLD response y can be written as (Friston et al., 2003) 

                                             (7) 

where ℎ(1, 3,4)  is the predicted BOLD response produced by integrating the neurodynamic, 

haemodynamic, and BOLD equations where 1 contains all the parameters of a DCM model that 

we need to estimate, 3 denotes experimental inputs, and 4 is a connectivity model structure; 6 

y = h(✓, u,m) +X� + e,
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contains confounding effects, 7 is the associated parameter vector; and 8 is zero mean additive 

Gaussian noise, with covariance 9: . In DCM, inference on model parameters 1  and model 

structures 	4  proceeds using standard variational Bayesian procedures, and is based upon the 

posterior density over parameters and models respectively (Friston et al., 2007b, Penny et al., 2010; 

Penny, 2012). 

In this study, we first performed inference on model space (i.e., network structure) at the 

group level using Bayesian model selection based on a fixed-effects analysis (FFX); i.e., assuming 

every subject presented with the same sort of network. This allowed us to address which 

connectivity model is the best explanation for the effect of experimental conditions on connectivity, 

and whether the best model is consistent between field strengths. We then performed group-level 

inference on model parameters using Bayesian model averaging (BMA), to assess the 

reproducibility and efficiency of parameter estimates across field strengths. BMA provides the 

posterior density of model parameters averaged over models in a way that accommodates 

uncertainty about the best model. The reproducibility of the (Bayesian model average) parameter 

estimates across field strengths was assessed using ICC(3,1), two-way mixed single measures 

(Shrout and Fleiss, 1979) using the Bayesian parameter averages over subjects. To illustrate the 

reproducibility or consistency between field strengths, we then used the Bayesian parameter 

averages to generate synthetic responses under 3T and 7T for direct visual comparison. 

Finally, the efficiency of Bayesian parameter averages, using 3T and 7T data, was 

evaluated using the entropy (uncertainty) of the posterior distribution over model parameters. This 

posterior entropy H was calculated as 

                                      (8) H = 0.5 (k log (2⇡e) + log |Cp|) ,
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where 9< is the posterior covariance of the Bayesian parameter average, = = dim	(9<)  is the 

number of parameters, 8 is Euler’s number, and the bars denote the matrix determinant. 

 

DCM Analysis of Empirical Data 

We applied DCM to empirical data recorded during fist-closing movements both from 3T 

and 7T fMRI, to compare parameter estimates and the evidence for the different models for DCM-

3T and DCM-7T. The details of our empirical data, image processing, GLM, and DCM analyses 

were as follows. 

 

Participants and experimental protocol 

This study involved 14 healthy participants (9 female, 5 male), aged 23 to 32 years (mean 

= 26, SD = 2.1). Participants were right-handed, and underwent both 7T and 3T MRI examination 

in random order, separated by two hours. The study was approved by the research ethics board 

(REB) of National Institute for Bioethics Policy, and the experiments were performed with the 

understanding and written consent of each participant; according to REB guidelines.  

We used a hand movement paradigm established for previous DCM studies of this sort 

(Grefkes et al., 2008; Frassle et al., 2015). The subjects were instructed to perform whole-hand fist 

closing movements with either the left (condition LH), right (condition RH), or both hands 

(condition BH). The experiment comprised 16 second blocks of task, where a movement cue was 

presented with the red lights (1.5 Hz), interspersed with 16 second rest blocks. The sequence of 

LH, RH, and BH blocks was pseudo-randomized. 
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MRI Acquisition 

All images were acquired using a 3T and 7T Philips Achieva scanner (Philips Medical 

Systems, Best, The Netherlands). MR parameters were optimized for each scanner. 

3T MRI 

BOLD images were obtained at 3T using a T2*-weighted gradient echo-planar imaging 

(EPI) sequence (repetition time [TR] = 2000 ms; echo time [TE] = 30 ms; flip angle = 90°; matrix 

= 68 × 68; voxel size = 2.82 × 2.82 × 3 mm3; field-of-view [FOV] = 192 mm; 38 interleaved 

slices without slice gap). Structural images were acquired using a three-dimensional T1-weighted 

sequence (TR = 9.8 ms; TE = 4.6 ms; flip angle = 8°; matrix = 224 × 224; voxel size = 1.0	×	1.0 

×	0.5 mm3; FOV = 224 mm; 340 slices). 

7T MRI 

BOLD images were obtained at 7T using a T2*-weighted gradient EPI sequence (TR = 

2000 ms; TE = 17 ms; flip angle = 70°; matrix = 128 × 128; voxel size = 1.5 × 1.5 ×	3.6 mm3; 

FOV = 192 mm; 30 interleaved slices without slice gap). High-resolution structural images were 

acquired using a three-dimensional T1-weighted sequence (TR = 4.3 ms; TE = 1.93 ms; flip angle 

= 8°; matrix = 320 ×	320; voxel size = 0.75	×	0.75	×	0.75 mm3; FOV = 240 mm; 320 slices). 

 

Image Preprocessing 

Preprocessing of the functional images was performed using SPM12 (Wellcome Trust 

Centre for Neuroimaging, London, UK, Friston et al., (2007a)). The effects of head motion were 

suppressed by spatially realigning all time frames to the first image, using an affine (six parameter) 

spatial transformation. The ensuing realignment parameters were saved for modelling residual 

head motion effects in BOLD time series. Realigned images were coregistered with the high-

stak
The effects of head motion were suppressed by spatially realigning all time frames to the first image, using an affine (six parameter) spatial transformation.
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resolution anatomical image. All images were then spatially normalized into the Montreal 

Neurological Institute (MNI) space, and re-sampled to 3.0-mm and 1.5-mm isotropic voxels, 

respectively. Spatial smoothing with a 6-mm and 3-mm full-width at half-maximum (FWHM) 

Gaussian kernel was applied to 3T and 7T images.  

7T MR images are usually corrupted by higher radio-frequency (RF) effects that can 

produce non-uniform image intensities (Dyun, 2012). These artifacts can confound the generation 

of a within-brain mask, and are usually removed before GLM analysis. In the parametric bias 

correction model, the observed signal (y) is given by y = µ/ρ + n, where µ	is an un-corrupted 

signal, ρ is bias, and n is Gaussian noise that is independent of the bias (Ashburner and Friston, 

2005). A bias field was estimated by parameterising the bias as the exponential of a linear 

combination of low frequency basis functions. The bias field in functional images was then 

removed by multiplying the estimated bias field by functional images. 

 

GLM Analysis 

Whole brain statistical parametric mapping used a standard GLM analysis of the BOLD 

data acquired at 3T and 7T MRI - using the canonical haemodynamic response function plus its 

temporal derivative (Friston et al., 1995). The three conditions of fist-closing movement, including 

LH, RH, and BH were included as covariates of interest. In addition, the instruction periods and 

the six realignment parameters were included as nuisance variables to model task-independent 

activation and the residual head motion effects on the BOLD time series, respectively.  

We removed low-frequency confounds from the BOLD data using a high-pass filter based 

on a discrete cosine transform (DCT) set with a cutoff frequency of 1/128 Hz. The effects of 

interest for each subject were estimated by fitting the GLM to the individual BOLD responses. 

stak
7T MR images are usually corrupted by higher radio-frequency (RF) effects that can produce non-uniform image intensities (Dyun, 2012).
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The contrast images of all subjects from the first-level were then analyzed using a standard 

random-effects analysis, via summary statistics, to assess group-level activation of the BOLD 

response during fist-closing movements (Penny and Holmes, 2006). 

 

DCM Analysis 

Dynamic causal models were specified with regions of interest (ROIs), connectivity, 

condition-specific effects and driving inputs, in line with previous studies (Grefkes et al., 2008; 

Frassle et al., 2015). Previous studies have found consistent activation in the primary motor cortex 

(M1), the lateral premotor cortex (PMC), and the supplementary motor area (SMA) during fist-

closing movements, and activation of the middle temporal visual area (V5) during the perception 

of visual cues (Grefkes et al., 2008; Frassle et al., 2015; Zeki et al., 1991). Moreover, applying the 

DCM to 3T MRI data, Grefkes et al. (2008) found that activation in the contralateral motor cortex 

can be attributed to increased intrahemispheric connectivity, and both transcallosal inhibition and 

top-down modulation suppressed activation in the ipsilateral motor cortex. Based on these findings, 

we selected eight ROIs, including M1, PMC, SMA, and V5 in the left and right hemispheres. Time 

series for each subject were then summarised from each ROI with the first principal component of 

all voxels that survived a threshold of p < 0.001, uncorrected, within a 4 mm sphere centred on 

subject specific peak coordinates in the appropriate SPM. BOLD activation and subject-specific 

region selection for the fist-closing movements are shown in Fig. 1. The individual coordinates of 

the ROIs were determined as follows:  

1. The group-level activation during left hand (LH), right hand (RH), and both hands (BH) 

movements were assessed using a one-sample t-test design at the second level. The 

group peak coordinates of left and right M1/PMC/SMA were then identified as a local 

stak
BOLD activation and subject-specific region selection for the fist-closing movements are shown in Fig. 1.
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maximum of RH/LH activation within each anatomical region. In addition, the group 

peak coordinates of V5 were identified as a local maximum of the activation map from 

the conjunction analysis (RH ∩ LH ∩ BH) within the appropriate anatomical region.  

2. A mask for each ROI comprised all voxels within a sphere of 16 mm radius (M1 and 

V5) or 10 mm radius (PMC and SMA) centered on the respective group peak 

coordinates.  

3. The individual coordinates of the ROIs were then identified as the subject-specific 

maximum within the respective mask.  

We tested four models of condition-specific effects (LH, RH, or BH) between ROIs, as 

shown in Fig. 2. Our models differed in which connections were modulated by (LH, RH, or BH) 

whole-hand fist closing movements. Endogenous connectivity and driving input were identical 

across the four models, as shown in Fig. 3, with (the visual cueing) driving input entering a motion 

area (V5). Instead of testing a large number of models, we limited our models to biologically 

plausible models that have been considered in previous studies (Grefkes et al., 2008; Frassle et al., 

2015). Inference on model space and parameters at the group level were performed using fixed 

effects Bayesian model selection and Bayesian model averaging, respectively. Note that inference 

on model space and parameters were applied separately to the 3T and 7T fMRI data, to investigate 

reproducibility and efficiency of parameter estimates between field strengths. 

In fixed-effects analysis (FFX), it is assumed that the optimal model structure is conserved 

over subjects, whereas random-effects analysis (RFX) allows for the possibility that different 

subjects use different models (Penny et al., 2010). The assumption in FFX is warranted when 

studying a basic physiological mechanism that is unlikely to vary across the subjects (Penny et al., 

2010; Stephen et al., 2010). DCM studies based on healthy subjects generally use FFX for group-
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level inference on model structure (Grefkes et al., 2008; Stephen et al., 2009; Chen et al., 2009, 

Holland et al., 2016; Kellermann et al., 2017). The alternative (RFX) assumption is that some 

connections exist in some subjects and not in others, which (in the present setting) is implausible. 

Thus, to focus on the effects of field-dependent factors on inferred network or model structure; (i) 

we acquired fMRI data from healthy subjects during relative simple motor task that guaranteed 

stable motor performance across subjects (Grefkes et al., 2008) and (ii) use FFX assumptions for 

group-level Bayesian model selection. 
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RESULTS 

Before comparing model parameters, we first identified optimal hyper priors on the log precision 

of the observation error e in Eq. 7 for both DCM-3T and DCM-7T. We kept the (hyper) prior 

covariance constant at 1/128 and varied the (hyper) prior expectation (of log precision of 

observation error) from 2 to 6 in steps of 2. This enabled us to evaluate the effect of observation 

error on reliability of parameter estimates across field strengths. Tables 2 and 3 show the ICC of 

(group-level) average connectivity (A) and condition-specific changes (B). These are shown for 

different (hyper) prior expectations of log precision. We found that the (hyper) prior expectation 

of 2 provided the most reproducible estimates for both A and B across the field strengths. Based 

on these results, we used this (hyper) prior expectation in subsequent DCM for 3T and 7T fMRI 

analyses. 

We first evaluated the evidence for different neuronal architectures (i.e. models) and 

computed the Bayesian model averages under those models. We then assessed the reproducibility 

of estimates, across field strengths, using the ICC. Finally, we quantified estimation efficiency in 

terms of the posterior confidence in Bayesian parameter average estimates at different field 

strengths. Fig. 4 shows the relative log-evidence over models as approximated by variational free 

energy. Relative log-evidence was obtained by subtracting the log-evidence for the model with the 

least evidence (Stephan et al., 2009). Model 1 which has the simplest connectivity structure 

modulated by fist-closing movements was selected in both DCM-3T and 7T as the most likely 

model. Moreover, the distributions of (relative) log-evidences were very similar – in terms of 

Bayesian model comparison – for 3T and 7T fMRI.  

The posterior mean of condition-specific changes for the most likely model is shown in 

Fig. 5. During left hand movements, afferent connectivity to right M1 was enhanced, whilst 
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afferent connectivity to left M1 was negatively modulated. In contrast, during right hand 

movements, a similar mirror-reversed pattern of modulation within the motor network was 

observed. Interestingly, during both hands movements, connections from premotor areas 

(including SMA and PMC) to M1 were bilaterally enhanced. These results indicated (i) activation 

of the contralateral motor cortex can be attributed to increased intrahemispheric connectivity, 

whereas both transcallosal inhibition and top-down modulation suppressed activation in the 

ipsilateral motor cortex; (ii) activation of the bilateral motor cortex can be associated with a 

symmetric facilitation of neuronal activity mediated by both increased intrahemispheric and 

transcallosal connectivity towards M1. These results, including the best model structure and 

parameters, are consistent with findings of previous 3T fMRI studies (Grefkes et al., 2008; Frassle 

et al., 2015). Crucially, a similar pattern of condition-specific changes was seen in both DCM-3T 

and DCM-7T. In LH and RH conditions, there were 3 discrepancies in the signs of the connectivity 

changes over 18 modulatory connectivities (3/18 = 0.16). In BH conditions, all 20 condition-

specific changes had the same sign.  

Fig. 6 shows a clear association between (group mean) connectivity parameter estimates 

from DCM-3T and DCM-7T. The scatter plots report the correlation between the estimates of 

group mean parameters at 3T and 7T, including average connectivity and connectivity changes in 

LH, RH, and BH conditions. Average connectivity and condition-specific changes were 

significantly consistent between DCM-3T and DCM-7T, across all experimental conditions. The 

reproducibility of the parameter estimates was further quantified using the ICC. The ICC of 

average connectivity (A) and condition-specific changes (B) was 0.862 and 0.936, respectively. 

Note that ICC values range from −1 to 1, and reliability is typically classified as “excellent” for 

ICC ≥ 0.75 (Cicchetti, 2001). These ICC results indicate that DCM furnished internally consistent 
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neuronal parameter estimates (including A and B parameters) across the field strengths examined 

(3T and 7T).  

The preceding analysis suggests that there is a high degree of reproducibility over the 

different field strength considered. However, it does not directly address our hypothesis that the 

predicted neuronal responses would not differ between field strengths. Fig. 7 shows estimated 

neuronal responses based on 3T and 7T fMRI parameter estimates (i.e., Bayesian parameter 

averages). Theses neuronal responses were generated using group mean DCM parameters 

averaged across trials and regions. Happily, neuronal responses at 7T were almost identical to 

those at 3T. 

Finally, we addressed our hypothesis that 7T data offers more precise estimates of neuronal 

parameters; where the associated efficiency or precision was assessed in terms of the entropy 

(uncertainty) of the posterior distribution over model parameters. The entropy (i.e., uncertainty) of 

7T parameter estimates, −158.9, was smaller than that of 3T parameter estimates, −156.2. The 

quantitative differences in entropy was −2.7, and can be interpreted as a log Bayes factor. In other 

words, a difference in three or more can be regarded as strong evidence for more informative data. 

The reduction in uncertainty (or information gain) for 7T data (almost) met this criterion. The 

improvement in the posterior precision of the parameter estimates can also be seen in terms of 

Bayesian credible or confidence intervals for each parameter: Fig. 8 shows the posterior standard 

deviations for group-level parameters in average connectivity (A) and changes in connectivity (B). 

Crucially, the posterior standard deviations for A and B (estimated from DCM-7T) were smaller 

than those estimated from DCM-3T.  
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DISCUSSION 

This technical note provides a provisional validation of dynamic causal modelling at high 

field strengths. In this work, we limited ourselves to practical validation, in terms of Bayesian 

model comparison and the reproducibility of quantitative parameter estimates. Reassuringly, 

completely independent DCM of 3T and 7T data from the same subjects, acquired under the same 

paradigm, on the same day, produced consistent inferences at both the level of functional 

architectures (i.e., different models of condition-specific effects) and reproducible parameter 

estimates (i.e., Bayesian model averages of connectivity and condition-specific effects). In short, 

we would have reached the same conclusions about the functional anatomy of this particular motor 

paradigm, irrespective of field strength used to acquire the fMRI data. We were also able to show 

that 7T data afforded more precise parameter estimates, as assessed by their posterior precision or 

negative entropy. This seems to be a fairly general finding across (nearly) all the experimental 

conditions and models examined. Furthermore, the information gain appears to be substantial - as 

judged by the difference in entropies. 

Future work will be required to establish the validity of DCM at different field strengths. 

Furthermore, there are several different approaches that one might take. For example, in principle, 

it is possible to combine timeseries from different field strengths and estimate explicit field 

strength-dependent changes as parameters of the DCM. This could either proceed at the within-

subject level or, using empirical Bayes, at a between-field strength level. In other words, one can 

treat field strength as an experimental factor and ask where field strength is manifest in terms of 

the underlying generative model.  

Another interesting issue is why the high field data provided more precise estimates. Power 

results suggest that 7T data provided more precise estimates of DCM parameters, including 

stak
Another interesting issue is why the high field data provided more precise estimates. Power results suggest that 7T data provided more precise estimates of DCM parameters, including
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effective connectivity, compared to 3T data. This finding could be due to an attenuation of partial 

volume effects arising from the smaller voxels and reduced smoothing at 7T. Specifically, fMRI 

data at 7T were acquired with higher spatial resolution, compared to 3T (see the Methods section 

for details). Both 3T and 7T data were then spatially smoothed, to ensure the images conform to 

the assumptions of random field theory (commonly used to correct for multiple comparisons 

(Friston et al., 1994; Worsley et al., 1996)). The levels of smoothing applied to 3T and 7T data 

were in line with standard practice, which suggests that smoothness should be at least twice voxel 

size before applying random field theory (Worsley and Friston, 1995). Smaller-voxel acquisitions 

at 7T therefore allowed for smoothing with a narrower Gaussian kernel, that may have reduced 

partial volume effects associated with draining veins (van der Zwaag et al., 2009; Wald et al., 

2012).  

The benefits of 7T may include a greater contribution of neuronal activation to the 

measured BOLD response (Wald et al., 2012). In consequence, although we used spheres of the 

same size to specify ROIs for both the 3T and 7T data, we observed that the greatest t-value in 

each ROI for 7T was higher than that for 3T. In principle, this should furnish more precise 

estimates of effective connectivity at 7T. Our results correspond to the findings of previous studies, 

showing that estimates of functional connectivity improve with spatial resolution at higher field 

strength (Newton et al., 2012; Vu et al., 2016). Again, in principle, it should be possible to examine 

the Bayesian estimates of random fluctuations that underlie this increase in precision (or 

efficiency). However, these comparisons are often confounded by many moving parts (i.e., 

differences in repetition time, differences in the number of scans and so on). Although it is difficult 

to generalize conclusions about the validity of any inference scheme beyond the data examined, 

the results of the current analysis are encouraging and speak to further cross evaluation. 

stak
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A current limitation of this study is that the voxels of the acquired data at 7T were non-

isotropic. Specifically, we acquired 1.5 mm, in-plane resolution gradient echo EPI data at 7T, with 

a slice thickness of 3.6 mm. While the 7T data were re-sampled to 1.5-mm isotropic voxels, signal 

loss due to dephasing from through-plane susceptibility gradients may not be recovered (Wald et 

al., 2012). In particular, the detection of neuronal activity may be reduced in the regions near air-

tissue interface, such as the orbitofrontal cortex and parts of the temporal lobe. However, in this 

study, we specified DCMs with regions of interest; including the motor and visual areas that are 

not greatly affected by susceptibility artefacts. Therefore, the non-isotropic nature of 7T data is 

unlikely to affect our main conclusions. 
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TABLES 

Table 1: Prior mean and standard deviation (SD) for BOLD parameters. The use of log scale 

parameters θV  ensures that estimated DCM parameters θ are within a physiologically realistic 

(nonnegative) ranges. The field-dependent parameters k1, k2, and k3 denote extravascular, 

intravascular coefficients, and balance between extravascular and intravascular signals, 

respectively. V0 denotes the resting blood volume fraction. We treated k1, k2, k3, and V0 as free 

parameters; such that their optimal values can be estimated from fMRI data at 3T and 7T. Default 

parameter values in k1, k2, and k3 were set to where ϑ+ = 42.4, ρ = 0.4, ϵ = 1.28, r+ = 15 in 

accordance with previous work (Please see Appendix A in Heinzle et al., 2016; Friston et al., 2003; 

Stephen et al., 2007). We used a broad prior over k1, k2, and k3, so that prior standard deviations 

can accommodate a range of parameter values for the BOLD signal model (i.e., ϑ+, ϵ, r+, ρ, and 

TE). 

Parameter Description Prior Mean Prior SD 

=V[ =[ = 4.3 ∙ *+ ∙ & ∙ TE·expc=V[d 0 0.25 

=Ve =e = , ∙ -+ ∙ & ∙ TE·expc=Ved 0 0.25 

=Vf =f = 1 − ,·expc=Vfd 0 0.25 

.+ .+ = 0.04·expc.V+d 0 0.25 

 

 

Table 2: The intraclass correlation coefficient (ICC) of group-level average connectivity (A) for 

(hyper) prior expectations of log precision of observation error (hE), ranging from 2 to 6. A (hyper) 

prior expectation value of 2 provided the most reproducible estimates for A across the field 

strengths. 
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 hE7T = 2 hE7T = 4 hE7T = 6 

hE3T = 2 0.86 0.76 0.76 

hE3T = 4 0.84 0.78 0.80 

hE3T = 6 0.83 0.80 0.82 

 

 

Table 3: The intraclass correlation coefficient (ICC) of group-level condition-specific 

connectivity (B) for (hyper) prior expectations (hE), ranging from 2 to 6. A (hyper) prior 

expectation of 2 provided the most reproducible estimates for B across the field strengths. 

 hE7T = 2 hE7T = 4 hE7T = 6 

hE3T = 2 0.94 0.92 0.90 

hE3T = 4 0.93 0.93 0.92 

hE3T = 6 0.91 0.91 0.91 
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FIGURE CAPTIONS 

Figure 1. BOLD activation and subject-specific region selection for the fist-closing movements. 

Statistical parametric maps of the T-statistic at 3T and 7T – based on a whole brain SPM analysis 

– are shown in the left (a, c, e) and right panels (b, d, f), respectively. The spatial locations of the 

regions of interest (ROIs) for DCM analysis at 3T and 7T are shown on (g) and (h), respectively. 

The statistical parametric maps were thresholded at a voxel level of p < 0.05, corrected using 

random field theory, and then superimposed on the canonical surface mesh (distributed with 

SPM12). DCM defines each ROI in the SPMs of each individual subject. We therefore identified 

the individual coordinates of the ROIs as the subject-specific maximum within the respective mask 

(based on the anatomical constraints, and group coordinates). Time series for each subject were 

then summarized – for each ROI – with the first principal component of a 4-mm radius sphere. 

Figure 2. Different combinations of condition-specific connectivity effects; resulting in four 

models for each condition (a) left hand (LH), (b) right hand (RH), and (c) both hands (BH) 

movement conditions. Models differed in the complexity; ranging from a sparse model (model 1) 

to a full model (model 4). Instead of testing a large number of models, we limited our models to 

biologically plausible models that have been used extensively in previous studies (Grefkes et al., 

2008; Frassle et al., 2015). 

Figure 3. Average connectivity and driving input were identical across all models. There were on 

average connections between all six regions of interest within the motor network, including 

premotor cortex (PMC), supplementary motor area (SMA), and primary motor cortex (M1). Visual 

cueing driving inputs entered the middle temporal visual area, V5. 

Figure 4. Group (relative) log-evidence over models following Bayesian model comparison based 

on fixed-effects analysis (FFX). Relative log-evidence was obtained by subtracting the log-

stak
Figure 1. BOLD activation and subject-specific region selection for the fist-closing movements. Statistical parametric maps of the T-statistic at 3T and 7T – based on a whole brain SPM analysis – are shown in the left (a, c, e) and right panels (b, d, f), respectively. The spatial locations of the regions of interest (ROIs) for DCM analysis at 3T and 7T are shown on (g) and (h), respectively. The statistical parametric maps were thresholded at a voxel level of p < 0.05, corrected using random field theory, and then superimposed on the canonical surface mesh (distributed with SPM12). DCM defines each ROI in the SPMs of each individual subject. We therefore identified the individual coordinates of the ROIs as the subject-specific maximum within the respective mask (based on the anatomical constraints, and group coordinates). Time series for each subject were then summarized – for each ROI – with the first principal component of a 4-mm radius sphere.
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evidence for the model with the least evidence (Stephan et al., 2009). These analyses were 

performed to ask which model or architecture is the best explanation for the effect of each 

experimental condition on connectivity. Model 1 was selected in both DCM- 3T and 7T as the 

most likely model. Moreover, the distributions of (relative) log-evidences were very similar on 

comparing DCM for 3T and 7T data. 

Figure 5. The group-level posterior mean of condition-specific changes for the most likely model. 

Group-level inference on model parameters were assessed using Bayesian model averaging 

(BMA), followed by Bayesian parameter averaging over subjects. Left panels: BMA from DCM-

3T. Right panels: BMA results from DCM-7T. During left hand (LH) movements, directed 

connections to right M1 were enhanced, whilst connections to left M1 were attenuated. In contrast, 

during right hand (RH) movements, a similar mirror-reversed pattern of modulation within the 

motor network was observed. Interestingly, during both hands (BH) movements, connections from 

premotor areas (including SMA and PMC) to M1 were bilaterally enhanced. These results were 

consistent with findings of previous 3T fMRI studies (Grefkes et al., 2008; Frassle et al., 2015). 

Moreover, a similar pattern of condition-specific changes was seen in estimates from DCM-3T 

and DCM-7T. In LH and RH conditions, there were 3 discrepancies in the signs of the connectivity 

changes over 18 modulatory connectivities (3/18 = 0.16). In BH conditions, there were no sign 

discrepancies over all 20 condition-specific effects. 

Figure 6. Comparison between group mean (Bayesian parameter average) parameters from DCM-

3T and DCM-7T. The scatter plots report the correlation between the estimates of group mean 

parameters at 3T and 7T, including (a) average connectivity, (b)(c)(d) connectivity changes in LH, 

RH, and BH conditions, respectively. Red dots represent the amplitude of group mean average 

connectivity, including 8 intrinsic (self) connections and 48 extrinsic (between-region) 
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connections. Blue dots represent the amplitude of condition-specific changes in connectivity. 

These results indicate that average connectivity and condition-specific changes were consistent 

between DCM-3T and DCM-7T, across all experimental conditions. 

Figure 7. Predicted neuronal responses from 3T and 7T fMRI parameter estimates (i.e., Bayesian 

model averages). These predicted neuronal responses were averaged across trials and regions. As 

predicted, neuronal responses at 7T were almost identical to those at 3T. Blue and red plots indicate 

signals generated using DCM-3T and DCM-7T, respectively. The sold black line indicates task 

periods (16 s). 

Figure 8. Posterior standard deviations for group-level estimates of average connectivity (A, left 

panel) and changes in connectivity (B, right panel). The posterior standard deviations for A and B 

parameters estimated from DCM-7T (red plots), were generally smaller than those estimated from 

DCM-3T (blue plots). 
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ABSTRACT 

Background: There is growing interest in ultra-high field magnetic resonance imaging (MRI) in 

cognitive and clinical neuroscience studies. However, the benefits offered by higher field strength 

have not been evaluated in terms of effective connectivity and dynamic causal modelling (DCM). 

New method: In this study, we address the validity of DCM for 7T functional MRI data at two 

levels. First, we evaluate the predictive validity of DCM estimates based upon 3T and 7T in terms 

of reproducibility. Second, we assess improvements in the efficiency of DCM estimates at 7T, in 

terms of the entropy of the posterior distribution over model parameters (i.e., information gain). 

Results: Using empirical data recorded during fist-closing movements with 3T and 7T fMRI, we 

found a high reproducibility of average connectivity and condition-specific changes in 

connectivity - as quantified by the intra-class correlation coefficient (ICC = 0.862 and 0.936, 

respectively). Furthermore, we found that the posterior entropy of 7T parameter estimates was 

substantially less than that of 3T parameter estimates; suggesting the 7T data are more informative 

- and furnish more efficient estimates.  

Compared with existing methods: In the framework of DCM, we treated field-dependent 

parameters for the BOLD signal model as free parameters, to accommodate fMRI data at 3T and 

7T. In addition, we made the resting blood volume fraction a free parameter, because different 

brain regions can differ in their vascularization.  

Conclusions: In this paper, we showed DCM enables one to infer changes in effective connectivity 

from 7T data reliably and efficiently.   

Word count = 248 
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INTRODUCTION 

Functional magnetic resonance imaging (fMRI) measures the blood oxygenation level 

dependent (BOLD) signal as a reflection of neuronal activity. The signal arises from magnetic 

susceptibility differences between deoxygenated blood in venous vessels and the surrounding 

tissue (Ogawa et al., 1990). Intrinsic signal-to-noise ratio (SNR) and BOLD signal contrast 

increase with field strength, which can be exploited to improve spatial resolution (Yacoub et al., 

2001). These and related reasons have motivated an interest in using ultra-high field (7T and above) 

MRI in cognitive and clinical neuroscience studies (Martino et al., 2017). 

Several studies have investigated the potential benefits of 7T MRI for detecting and 

characterizing functional connectivity (Hale et al., 2010; Newton et al., 2012; Vu et al., 2016). 

Specifically, Hale et al., (2010) assessed the effects of increased contrast-to-noise ratio (CNR) - at 

higher field strength - on estimates of functional connectivity. They showed increased temporal 

correlation within the sensory motor and default mode networks at 7T, compared to 3T. In addition, 

Newton et al., (2012) and Vu et al., (2016) showed that improved spatial resolution reduced partial 

volume effects; allowing for more efficient estimates of functional connectivity throughout the 

brain at 7T. However, to our knowledge, there have been no studies exploring how the benefits 

offered by higher field strength influence estimates of effective connectivity, defined as the 

(model-based) influence of one (neuronal) system on another. 

In this paper, we address the efficiency of dynamic causal modelling (DCM) for 7T fMRI 

data. DCM is a method for inferring directed effective connectivity from brain imaging data, using 

Bayesian inference. Specifically, DCM has been developed for estimating effective connectivity 

from task-based and resting-state fMRI time series (Friston et al., 2003, 2014, 2017). Validity and 

test-retest reliability of DCM estimates at 3T have been investigated by numerous studies 
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(Schuyler et al., 2010; Razi et al., 2015; Frassle et al., 2015; Rowe et al., 2010). However, we do 

not know whether estimates of connectivity parameters are affected by the field strength, and how 

different field strengths affect the accuracy of those estimates. This paper addresses these issues 

by comparing neurodynamic parameters estimated from DCM-3T and DCM-7T. We hypothesized 

that estimates of connectivity and neural responses (induced and modulated by experimental input) 

do not differ when the BOLD signal is acquired at higher field strengths, since the underlying 

interactions between neuronal populations do not change. However, the efficiency of these 

estimates should increase with field strength; i.e., the posterior uncertainty should decrease with 

field strength. 

In brief, we address the effect of 7T data on DCM at two levels. First, we establish the 

predictive validity of DCM estimates based upon 3T and 7T in terms of reproducibility. DCM was 

applied to experimental data acquired during fist-closing movements at 3T and 7T fMRI (Grefkes 

et al., 2008; Frassle et al., 2015). Bayesian model averages (Penny et al., 2010) of effective 

connectivity parameters were then compared using the intra-class correlation coefficient (ICC) 

(Shrout and Fleiss, 1979). To illustrate the consistency of the results under both field strengths, we 

compared the neuronal and haemodynamic responses (under 3T and 7T) based on the respective 

Bayesian model averages. Second, given the higher intrinsic SNR at 7T over 3T, we ask whether 

the 7T affords more efficient parameter estimates. To quantify the reduction in posterior 

uncertainty, we assess the negative entropy of the (marginal) posterior distribution of DCM 

parameters from 7T and 3T fMRI. We predicted that the posterior entropy of 7T parameters 

estimates would be smaller, due to its improved spatial resolution and SNR. 

This paper is structured as follows. In the Methods section, we first review the generative 

model of fMRI data used in DCM, with a special focus on the field strength-dependent components. 
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We then illustrate the basic procedures by applying the DCM to 3T and 7T data which were 

acquired from the same subjects, under the same paradigm. In the Results section, we present the 

results of our comparative analysis, in terms of parameter estimates and the posterior confidence 

in these estimates at different field strengths. We conclude with a short discussion of future 

extensions of the current work. 
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METHODS 

The generative model of fMRI data in DCM comprises three components: (i) a 

neurodynamic model based on a network or graph of connected regions or nodes, (ii) a 

haemodynamic model mapping neuronal activity to haemodynamics at each node, and (iii) a 

BOLD signal model mapping haemodynamics to the measured BOLD signal (Buxton et al., 1998; 

Friston et al., 2000, 2003; Stephan et al., 2007). The following subsections describe each of these 

components. In particular, we focus on priors for the field strength-dependent parameters in the 

BOLD signal model; because physiological parameters in the neurodynamic and haemodynamic 

models are not affected by the field strength. This is followed by a description of image 

preprocessing, standard general linear model (GLM) and DCM analyses of the empirical data used 

in this study. 

 

Neurodynamic Model 

In DCM, neurodynamics are described by the following differential equation (Friston et 

al., 2003) 

                                                  (1) 

where t indexes continuous time and the dot notation denotes a time derivative. The entries in z 

correspond to neuronal activity in j = 1, ..., J regions, and u(i) is the i of M experimental inputs. 

An [J × J] matrix, ℑ, denotes the effective connectivity between and within regions, and an [J × 

M] matrix, C, denotes the extrinsic influence of inputs on regional activity. The effective 

connectivity ℑ is further characterized by an [J × J] matrix, A, that specifies which regions are 

connected in the absence of experimental input, and an [J × J] matrix, Bi, that specifies which of 

żt = =tzt + Cut

=t = A+
MX

i=1

ut(i)B
i,
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these average connections changes a result of input i. Usually, the Bi parameters are of greatest 

interest - as these describe how connections among brain regions respond to experimental 

manipulations. A strong connectivity means the directed influence of one region on another is 

manifest quickly or with a small time constant (Friston et al., 2003). This means that effective 

connectivity is measured in rate constants for hertz. Neuronal activity fluctuations in each region 

lead to changes in haemodynamic responses that cause the observed BOLD response (see below).  

 

The Haemodynamic Model 

The haemodynamic model involves a set of differential equations modelling changes in 

four haemodynamic variables; including vasodilatory signal s, inflow fin, volume of the venous 

balloon v, and total deoxyhemoglobin within the venous balloon q, normalized to their values at 

rest (Buxton et al., 1998; Friston et al., 2000). Based on empirical evidence DCM generally 

assumes a linear mapping between neuronal activity and blood flow (Miller et al., 2001): neuronal 

activity z causes an increase in an inducing signal s that drives the inflow change fin (Friston et al., 

2000): 

                                              (2) 

where 𝜅 is the rate of signal decay, and 𝛾 is the rate of autoregulatory feedback by blood flow. 

This model includes negative feedback from the blood flow fin on the inducing signal s. 

This inflow change then drives changes in blood volume v, and deoxyhemoglobin q 

(Buxton et al., 1998): 

                                            (3) 

ṡ = z � s� �(fin � 1)

ḟin = s

⌧ v̇ = fin � fout

⌧ q̇ = fin
E(fin, ⇢)

⇢
� fout

q

v
,
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with 

                                             (4) 

where 𝜏 is the mean transit time that represents the average time it takes to traverse the venous 

compartment, outflow fout is modeled as a power of blood volume, 𝛼is Grubb's exponent (Grubb 

et al., 1974), E is oxygen extraction fraction, and 𝜌 is the resting oxygen extraction fraction. In Eq. 

3, the rate of blood volume changes �̇� is modeled as the difference between inflow and outflow 

from the venous compartment with a time constant 𝜏. The rate of deoxyhemoglobin changes �̇� is 

modeled as the delivery of deoxyhemoglobin into the venous compartment, minus that expelled. 

 

BOLD Signal Model  

The BOLD signal is modeled as (Buxton et al., 1998; Stephan et al., 2007): 

                       (5) 

where V0 is the resting blood volume fraction, q and v are normalized deoxyhemoglobin and blood 

volume content, respectively. The first and second terms describe the extravascular and 

intravascular signal, and the third describes the effect of changing the balance. The field-dependent 

parameters, k1, k2, and k3, are given by 

                                                        (6) 

where 𝜗+  is the frequency offset at the outer surface of the magnetized vessels, 𝜖  is the ratio 

between intravascular and extravascular signal, 𝑟+ is the intravascular relaxation rate as a function 

of oxygen saturation, TE is the echo time, and 𝜌 is the resting oxygen extraction fraction.  

fout = v1/↵

E(fin, ⇢) = 1� (1� ⇢)1/fin

y =
�S

S0
⇡ V0

h
k1 (1� q) + k2

⇣
1� q

v

⌘
+ k3 (1� v)

i
,

k1 = 4.3#0 · ⇢ · TE
k2 = ✏ · r0 · ⇢ · TE
k3 = 1� ✏,
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There are many other factors contributing to the magnitude of BOLD responses, including 

differences among scanners, head coil characteristics, and reconstruction algorithms (Muller, 2010; 

Friedman et al., 2008). In DCM, the observed BOLD response is usually normalized to reduce the 

effect of non-specific scaling factors. This normalization (i.e., global scaling of BOLD signal) does 

not affect the intrinsic SNR and spatial pattern of the BOLD signal and therefore does not affect 

regional interactions mediated by (estimated) neuronal responses in DCM. In particular, field 

strength-specific characteristics, such as increased SNR and reduced latency of the BOLD 

response at 7T (Yacoub et al., 2001; van der Zwaag et al., 2009) are modeled in terms of field-

dependent parameters, k1, k2, and k3. In this work, we therefore used the default parameter values 

for the BOLD signal model including 𝜗+, 𝜖, 𝑟+, 𝜌, and TE (Friston et al., 2003; Stephan et al., 2007; 

Heinzle et al., 2016); however, we treated k1, k2, and k3 as free parameters, to accommodate fMRI 

data at 3T and 7T. We used a broad prior over k1, k2, and k3, so that prior standard deviations 

accommodate a range of parameter values for the BOLD signal model (i.e., 𝜗+, 𝜖, 𝑟+, 𝜌, and TE). 

In addition, we made the resting blood volume fraction, 𝑉+, a free parameter, because different 

brain regions can differ in their vascularization. The prior mean and standard deviation on BOLD 

parameters are summarised in Table 1. 

 

Bayesian Model Inversion 

The observed BOLD response y can be written as (Friston et al., 2003) 

                                             (7) 

where ℎ(𝜃, 𝑢,𝑚)  is the predicted BOLD response produced by integrating the neurodynamic, 

haemodynamic, and BOLD equations where 𝜃 contains all the parameters of a DCM model that 

we need to estimate, 𝑢 denotes experimental inputs, and 𝑚 is a connectivity model structure; 𝑋 

y = h(✓, u,m) +X� + e,
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contains confounding effects, 𝛽 is the associated parameter vector; and 𝑒 is zero mean additive 

Gaussian noise, with covariance 𝐶: . In DCM, inference on model parameters 𝜃  and model 

structures 	𝑚  proceeds using standard variational Bayesian procedures, and is based upon the 

posterior density over parameters and models respectively (Friston et al., 2007b, Penny et al., 2010; 

Penny, 2012). 

In this study, we first performed inference on model space (i.e., network structure) at the 

group level using Bayesian model selection based on a fixed-effects analysis (FFX); i.e., assuming 

every subject presented with the same sort of network. This allowed us to address which 

connectivity model is the best explanation for the effect of experimental conditions on connectivity, 

and whether the best model is consistent between field strengths. We then performed group-level 

inference on model parameters using Bayesian model averaging (BMA), to assess the 

reproducibility and efficiency of parameter estimates across field strengths. BMA provides the 

posterior density of model parameters averaged over models in a way that accommodates 

uncertainty about the best model. The reproducibility of the (Bayesian model average) parameter 

estimates across field strengths was assessed using ICC(3,1), two-way mixed single measures 

(Shrout and Fleiss, 1979) using the Bayesian parameter averages over subjects. To illustrate the 

reproducibility or consistency between field strengths, we then used the Bayesian parameter 

averages to generate synthetic responses under 3T and 7T for direct visual comparison. 

Finally, the efficiency of Bayesian parameter averages, using 3T and 7T data, was 

evaluated using the entropy (uncertainty) of the posterior distribution over model parameters. This 

posterior entropy H was calculated as 

                                      (8) H = 0.5 (k log (2⇡e) + log |Cp|) ,
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where 𝐶< is the posterior covariance of the Bayesian parameter average, 𝑘 = dim	(𝐶<)  is the 

number of parameters, 𝑒 is Euler’s number, and the bars denote the matrix determinant. 

 

DCM Analysis of Empirical Data 

We applied DCM to empirical data recorded during fist-closing movements both from 3T 

and 7T fMRI, to compare parameter estimates and the evidence for the different models for DCM-

3T and DCM-7T. The details of our empirical data, image processing, GLM, and DCM analyses 

were as follows. 

 

Participants and experimental protocol 

This study involved 14 healthy participants (9 female, 5 male), aged 23 to 32 years (mean 

= 26, SD = 2.1). Participants were right-handed, and underwent both 7T and 3T MRI examination 

in random order, separated by two hours. The study was approved by the research ethics board 

(REB) of National Institute for Bioethics Policy, and the experiments were performed with the 

understanding and written consent of each participant; according to REB guidelines.  

We used a hand movement paradigm established for previous DCM studies of this sort 

(Grefkes et al., 2008; Frassle et al., 2015). The subjects were instructed to perform whole-hand fist 

closing movements with either the left (condition LH), right (condition RH), or both hands 

(condition BH). The experiment comprised 16 second blocks of task, where a movement cue was 

presented with the red lights (1.5 Hz), interspersed with 16 second rest blocks. The sequence of 

LH, RH, and BH blocks was pseudo-randomized. 
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MRI Acquisition 

All images were acquired using a 3T and 7T Philips Achieva scanner (Philips Medical 

Systems, Best, The Netherlands). MR parameters were optimized for each scanner. 

3T MRI 

BOLD images were obtained at 3T using a T2*-weighted gradient echo-planar imaging 

(EPI) sequence (repetition time [TR] = 2000 ms; echo time [TE] = 30 ms; flip angle = 90°; matrix 

= 68 × 68; voxel size = 2.82 × 2.82 × 3 mm3; field-of-view [FOV] = 192 mm; 38 interleaved 

slices without slice gap). Structural images were acquired using a three-dimensional T1-weighted 

sequence (TR = 9.8 ms; TE = 4.6 ms; flip angle = 8°; matrix = 224 × 224; voxel size = 1.0	×	1.0 

×	0.5 mm3; FOV = 224 mm; 340 slices). 

7T MRI 

BOLD images were obtained at 7T using a T2*-weighted gradient EPI sequence (TR = 

2000 ms; TE = 17 ms; flip angle = 70°; matrix = 128 × 128; voxel size = 1.5 × 1.5 ×	3.6 mm3; 

FOV = 192 mm; 30 interleaved slices without slice gap). High-resolution structural images were 

acquired using a three-dimensional T1-weighted sequence (TR = 4.3 ms; TE = 1.93 ms; flip angle 

= 8°; matrix = 320 ×	320; voxel size = 0.75	×	0.75	×	0.75 mm3; FOV = 240 mm; 320 slices). 

 

Image Preprocessing 

Preprocessing of the functional images was performed using SPM12 (Wellcome Trust 

Centre for Neuroimaging, London, UK, Friston et al., (2007a)). The effects of head motion were 

suppressed by spatially realigning all time frames to the first image, using an affine (six parameter) 

spatial transformation. The ensuing realignment parameters were saved for modelling residual 

head motion effects in BOLD time series. Realigned images were coregistered with the high-
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resolution anatomical image. All images were then spatially normalized into the Montreal 

Neurological Institute (MNI) space, and re-sampled to 3.0-mm and 1.5-mm isotropic voxels, 

respectively. Spatial smoothing with a 6-mm and 3-mm full-width at half-maximum (FWHM) 

Gaussian kernel was applied to 3T and 7T images.  

7T MR images are usually corrupted by higher radio-frequency (RF) effects that can 

produce non-uniform image intensities (Dyun, 2012). These artifacts can confound the generation 

of a within-brain mask, and are usually removed before GLM analysis. In the parametric bias 

correction model, the observed signal (y) is given by y = µ/ρ + n, where µ	is an un-corrupted 

signal, ρ is bias, and n is Gaussian noise that is independent of the bias (Ashburner and Friston, 

2005). A bias field was estimated by parameterising the bias as the exponential of a linear 

combination of low frequency basis functions. The bias field in functional images was then 

removed by multiplying the estimated bias field by functional images. 

 

GLM Analysis 

Whole brain statistical parametric mapping used a standard GLM analysis of the BOLD 

data acquired at 3T and 7T MRI - using the canonical haemodynamic response function plus its 

temporal derivative (Friston et al., 1995). The three conditions of fist-closing movement, including 

LH, RH, and BH were included as covariates of interest. In addition, the instruction periods and 

the six realignment parameters were included as nuisance variables to model task-independent 

activation and the residual head motion effects on the BOLD time series, respectively.  

We removed low-frequency confounds from the BOLD data using a high-pass filter based 

on a discrete cosine transform (DCT) set with a cutoff frequency of 1/128 Hz. The effects of 

interest for each subject were estimated by fitting the GLM to the individual BOLD responses. 
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The contrast images of all subjects from the first-level were then analyzed using a standard 

random-effects analysis, via summary statistics, to assess group-level activation of the BOLD 

response during fist-closing movements (Penny and Holmes, 2006). 

 

DCM Analysis 

Dynamic causal models were specified with regions of interest (ROIs), connectivity, 

condition-specific effects and driving inputs, in line with previous studies (Grefkes et al., 2008; 

Frassle et al., 2015). Previous studies have found consistent activation in the primary motor cortex 

(M1), the lateral premotor cortex (PMC), and the supplementary motor area (SMA) during fist-

closing movements, and activation of the middle temporal visual area (V5) during the perception 

of visual cues (Grefkes et al., 2008; Frassle et al., 2015; Zeki et al., 1991). Moreover, applying the 

DCM to 3T MRI data, Grefkes et al. (2008) found that activation in the contralateral motor cortex 

can be attributed to increased intrahemispheric connectivity, and both transcallosal inhibition and 

top-down modulation suppressed activation in the ipsilateral motor cortex. Based on these findings, 

we selected eight ROIs, including M1, PMC, SMA, and V5 in the left and right hemispheres. Time 

series for each subject were then summarised from each ROI with the first principal component of 

all voxels that survived a threshold of p < 0.001, uncorrected, within a 4 mm sphere centred on 

subject specific peak coordinates in the appropriate SPM. BOLD activation and subject-specific 

region selection for the fist-closing movements are shown in Fig. 1. The individual coordinates of 

the ROIs were determined as follows:  

1. The group-level activation during left hand (LH), right hand (RH), and both hands (BH) 

movements were assessed using a one-sample t-test design at the second level. The 

group peak coordinates of left and right M1/PMC/SMA were then identified as a local 
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maximum of RH/LH activation within each anatomical region. In addition, the group 

peak coordinates of V5 were identified as a local maximum of the activation map from 

the conjunction analysis (RH ∩ LH ∩ BH) within the appropriate anatomical region.  

2. A mask for each ROI comprised all voxels within a sphere of 16 mm radius (M1 and 

V5) or 10 mm radius (PMC and SMA) centered on the respective group peak 

coordinates.  

3. The individual coordinates of the ROIs were then identified as the subject-specific 

maximum within the respective mask.  

We tested four models of condition-specific effects (LH, RH, or BH) between ROIs, as 

shown in Fig. 2. Our models differed in which connections were modulated by (LH, RH, or BH) 

whole-hand fist closing movements. Endogenous connectivity and driving input were identical 

across the four models, as shown in Fig. 3, with (the visual cueing) driving input entering a motion 

area (V5). Instead of testing a large number of models, we limited our models to biologically 

plausible models that have been considered in previous studies (Grefkes et al., 2008; Frassle et al., 

2015). Inference on model space and parameters at the group level were performed using fixed 

effects Bayesian model selection and Bayesian model averaging, respectively. Note that inference 

on model space and parameters were applied separately to the 3T and 7T fMRI data, to investigate 

reproducibility and efficiency of parameter estimates between field strengths. 

In fixed-effects analysis (FFX), it is assumed that the optimal model structure is conserved 

over subjects, whereas random-effects analysis (RFX) allows for the possibility that different 

subjects use different models (Penny et al., 2010). The assumption in FFX is warranted when 

studying a basic physiological mechanism that is unlikely to vary across the subjects (Penny et al., 

2010; Stephen et al., 2010). DCM studies based on healthy subjects generally use FFX for group-



 

 

15 

15 

level inference on model structure (Grefkes et al., 2008; Stephen et al., 2009; Chen et al., 2009, 

Holland et al., 2016; Kellermann et al., 2017). The alternative (RFX) assumption is that some 

connections exist in some subjects and not in others, which (in the present setting) is implausible. 

Thus, to focus on the effects of field-dependent factors on inferred network or model structure; (i) 

we acquired fMRI data from healthy subjects during relative simple motor task that guaranteed 

stable motor performance across subjects (Grefkes et al., 2008) and (ii) use FFX assumptions for 

group-level Bayesian model selection. 
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RESULTS 

Before comparing model parameters, we first identified optimal hyper priors on the log precision 

of the observation error e in Eq. 7 for both DCM-3T and DCM-7T. We kept the (hyper) prior 

covariance constant at 1/128 and varied the (hyper) prior expectation (of log precision of 

observation error) from 2 to 6 in steps of 2. This enabled us to evaluate the effect of observation 

error on reliability of parameter estimates across field strengths. Tables 2 and 3 show the ICC of 

(group-level) average connectivity (A) and condition-specific changes (B). These are shown for 

different (hyper) prior expectations of log precision. We found that the (hyper) prior expectation 

of 2 provided the most reproducible estimates for both A and B across the field strengths. Based 

on these results, we used this (hyper) prior expectation in subsequent DCM for 3T and 7T fMRI 

analyses. 

We first evaluated the evidence for different neuronal architectures (i.e. models) and 

computed the Bayesian model averages under those models. We then assessed the reproducibility 

of estimates, across field strengths, using the ICC. Finally, we quantified estimation efficiency in 

terms of the posterior confidence in Bayesian parameter average estimates at different field 

strengths. Fig. 4 shows the relative log-evidence over models as approximated by variational free 

energy. Relative log-evidence was obtained by subtracting the log-evidence for the model with the 

least evidence (Stephan et al., 2009). Model 1 which has the simplest connectivity structure 

modulated by fist-closing movements was selected in both DCM-3T and 7T as the most likely 

model. Moreover, the distributions of (relative) log-evidences were very similar – in terms of 

Bayesian model comparison – for 3T and 7T fMRI.  

The posterior mean of condition-specific changes for the most likely model is shown in 

Fig. 5. During left hand movements, afferent connectivity to right M1 was enhanced, whilst 
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afferent connectivity to left M1 was negatively modulated. In contrast, during right hand 

movements, a similar mirror-reversed pattern of modulation within the motor network was 

observed. Interestingly, during both hands movements, connections from premotor areas 

(including SMA and PMC) to M1 were bilaterally enhanced. These results indicated (i) activation 

of the contralateral motor cortex can be attributed to increased intrahemispheric connectivity, 

whereas both transcallosal inhibition and top-down modulation suppressed activation in the 

ipsilateral motor cortex; (ii) activation of the bilateral motor cortex can be associated with a 

symmetric facilitation of neuronal activity mediated by both increased intrahemispheric and 

transcallosal connectivity towards M1. These results, including the best model structure and 

parameters, are consistent with findings of previous 3T fMRI studies (Grefkes et al., 2008; Frassle 

et al., 2015). Crucially, a similar pattern of condition-specific changes was seen in both DCM-3T 

and DCM-7T. In LH and RH conditions, there were 3 discrepancies in the signs of the connectivity 

changes over 18 modulatory connectivities (3/18 = 0.16). In BH conditions, all 20 condition-

specific changes had the same sign.  

Fig. 6 shows a clear association between (group mean) connectivity parameter estimates 

from DCM-3T and DCM-7T. The scatter plots report the correlation between the estimates of 

group mean parameters at 3T and 7T, including average connectivity and connectivity changes in 

LH, RH, and BH conditions. Average connectivity and condition-specific changes were 

significantly consistent between DCM-3T and DCM-7T, across all experimental conditions. The 

reproducibility of the parameter estimates was further quantified using the ICC. The ICC of 

average connectivity (A) and condition-specific changes (B) was 0.862 and 0.936, respectively. 

Note that ICC values range from −1 to 1, and reliability is typically classified as “excellent” for 

ICC ≥ 0.75 (Cicchetti, 2001). These ICC results indicate that DCM furnished internally consistent 
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neuronal parameter estimates (including A and B parameters) across the field strengths examined 

(3T and 7T).  

The preceding analysis suggests that there is a high degree of reproducibility over the 

different field strength considered. However, it does not directly address our hypothesis that the 

predicted neuronal responses would not differ between field strengths. Fig. 7 shows estimated 

neuronal responses based on 3T and 7T fMRI parameter estimates (i.e., Bayesian parameter 

averages). Theses neuronal responses were generated using group mean DCM parameters 

averaged across trials and regions. Happily, neuronal responses at 7T were almost identical to 

those at 3T. 

Finally, we addressed our hypothesis that 7T data offers more precise estimates of neuronal 

parameters; where the associated efficiency or precision was assessed in terms of the entropy 

(uncertainty) of the posterior distribution over model parameters. The entropy (i.e., uncertainty) of 

7T parameter estimates, −158.9, was smaller than that of 3T parameter estimates, −156.2. The 

quantitative differences in entropy was −2.7, and can be interpreted as a log Bayes factor. In other 

words, a difference in three or more can be regarded as strong evidence for more informative data. 

The reduction in uncertainty (or information gain) for 7T data (almost) met this criterion. The 

improvement in the posterior precision of the parameter estimates can also be seen in terms of 

Bayesian credible or confidence intervals for each parameter: Fig. 8 shows the posterior standard 

deviations for group-level parameters in average connectivity (A) and changes in connectivity (B). 

Crucially, the posterior standard deviations for A and B (estimated from DCM-7T) were smaller 

than those estimated from DCM-3T.  
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DISCUSSION 

This technical note provides a provisional validation of dynamic causal modelling at high 

field strengths. In this work, we limited ourselves to practical validation, in terms of Bayesian 

model comparison and the reproducibility of quantitative parameter estimates. Reassuringly, 

completely independent DCM of 3T and 7T data from the same subjects, acquired under the same 

paradigm, on the same day, produced consistent inferences at both the level of functional 

architectures (i.e., different models of condition-specific effects) and reproducible parameter 

estimates (i.e., Bayesian model averages of connectivity and condition-specific effects). In short, 

we would have reached the same conclusions about the functional anatomy of this particular motor 

paradigm, irrespective of field strength used to acquire the fMRI data. We were also able to show 

that 7T data afforded more precise parameter estimates, as assessed by their posterior precision or 

negative entropy. This seems to be a fairly general finding across (nearly) all the experimental 

conditions and models examined. Furthermore, the information gain appears to be substantial - as 

judged by the difference in entropies. 

Future work will be required to establish the validity of DCM at different field strengths. 

Furthermore, there are several different approaches that one might take. For example, in principle, 

it is possible to combine timeseries from different field strengths and estimate explicit field 

strength-dependent changes as parameters of the DCM. This could either proceed at the within-

subject level or, using empirical Bayes, at a between-field strength level. In other words, one can 

treat field strength as an experimental factor and ask where field strength is manifest in terms of 

the underlying generative model.  

Another interesting issue is why the high field data provided more precise estimates. Power 

results suggest that 7T data provided more precise estimates of DCM parameters, including 
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effective connectivity, compared to 3T data. This finding could be due to an attenuation of partial 

volume effects arising from the smaller voxels and reduced smoothing at 7T. Specifically, fMRI 

data at 7T were acquired with higher spatial resolution, compared to 3T (see the Methods section 

for details). Both 3T and 7T data were then spatially smoothed, to ensure the images conform to 

the assumptions of random field theory (commonly used to correct for multiple comparisons 

(Friston et al., 1994; Worsley et al., 1996)). The levels of smoothing applied to 3T and 7T data 

were in line with standard practice, which suggests that smoothness should be at least twice voxel 

size before applying random field theory (Worsley and Friston, 1995). Smaller-voxel acquisitions 

at 7T therefore allowed for smoothing with a narrower Gaussian kernel, that may have reduced 

partial volume effects associated with draining veins (van der Zwaag et al., 2009; Wald et al., 

2012).  

The benefits of 7T may include a greater contribution of neuronal activation to the 

measured BOLD response (Wald et al., 2012). In consequence, although we used spheres of the 

same size to specify ROIs for both the 3T and 7T data, we observed that the greatest t-value in 

each ROI for 7T was higher than that for 3T. In principle, this should furnish more precise 

estimates of effective connectivity at 7T. Our results correspond to the findings of previous studies, 

showing that estimates of functional connectivity improve with spatial resolution at higher field 

strength (Newton et al., 2012; Vu et al., 2016). Again, in principle, it should be possible to examine 

the Bayesian estimates of random fluctuations that underlie this increase in precision (or 

efficiency). However, these comparisons are often confounded by many moving parts (i.e., 

differences in repetition time, differences in the number of scans and so on). Although it is difficult 

to generalize conclusions about the validity of any inference scheme beyond the data examined, 

the results of the current analysis are encouraging and speak to further cross evaluation. 
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A current limitation of this study is that the voxels of the acquired data at 7T were non-

isotropic. Specifically, we acquired 1.5 mm, in-plane resolution gradient echo EPI data at 7T, with 

a slice thickness of 3.6 mm. While the 7T data were re-sampled to 1.5-mm isotropic voxels, signal 

loss due to dephasing from through-plane susceptibility gradients may not be recovered (Wald et 

al., 2012). In particular, the detection of neuronal activity may be reduced in the regions near air-

tissue interface, such as the orbitofrontal cortex and parts of the temporal lobe. However, in this 

study, we specified DCMs with regions of interest; including the motor and visual areas that are 

not greatly affected by susceptibility artefacts. Therefore, the non-isotropic nature of 7T data is 

unlikely to affect our main conclusions. 
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TABLES 

Table 1: Prior mean and standard deviation (SD) for BOLD parameters. The use of log scale 

parameters θV  ensures that estimated DCM parameters θ are within a physiologically realistic 

(nonnegative) ranges. The field-dependent parameters k1, k2, and k3 denote extravascular, 

intravascular coefficients, and balance between extravascular and intravascular signals, 

respectively. V0 denotes the resting blood volume fraction. We treated k1, k2, k3, and V0 as free 

parameters; such that their optimal values can be estimated from fMRI data at 3T and 7T. Default 

parameter values in k1, k2, and k3 were set to where ϑ+ = 42.4, ρ = 0.4, ϵ = 1.28, r+ = 15 in 

accordance with previous work (Please see Appendix A in Heinzle et al., 2016; Friston et al., 2003; 

Stephen et al., 2007). We used a broad prior over k1, k2, and k3, so that prior standard deviations 

can accommodate a range of parameter values for the BOLD signal model (i.e., ϑ+, ϵ, r+, ρ, and 

TE). 

Parameter Description Prior Mean Prior SD 

𝑘V[ 𝑘[ = 4.3 ∙ 𝜗+ ∙ 𝜌 ∙ TE·expc𝑘V[d 0 0.25 

𝑘Ve 𝑘e = 𝜖 ∙ 𝑟+ ∙ 𝜌 ∙ TE·expc𝑘Ved 0 0.25 

𝑘Vf 𝑘f = 1 − 𝜖·expc𝑘Vfd 0 0.25 

𝑉+ 𝑉+ = 0.04·expc𝑉V+d 0 0.25 

 

 

Table 2: The intraclass correlation coefficient (ICC) of group-level average connectivity (A) for 

(hyper) prior expectations of log precision of observation error (hE), ranging from 2 to 6. A (hyper) 

prior expectation value of 2 provided the most reproducible estimates for A across the field 

strengths. 
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 hE7T = 2 hE7T = 4 hE7T = 6 

hE3T = 2 0.86 0.76 0.76 

hE3T = 4 0.84 0.78 0.80 

hE3T = 6 0.83 0.80 0.82 

 

 

Table 3: The intraclass correlation coefficient (ICC) of group-level condition-specific 

connectivity (B) for (hyper) prior expectations (hE), ranging from 2 to 6. A (hyper) prior 

expectation of 2 provided the most reproducible estimates for B across the field strengths. 

 hE7T = 2 hE7T = 4 hE7T = 6 

hE3T = 2 0.94 0.92 0.90 

hE3T = 4 0.93 0.93 0.92 

hE3T = 6 0.91 0.91 0.91 
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FIGURE CAPTIONS 

Figure 1. BOLD activation and subject-specific region selection for the fist-closing movements. 

Statistical parametric maps of the T-statistic at 3T and 7T – based on a whole brain SPM analysis 

– are shown in the left (a, c, e) and right panels (b, d, f), respectively. The spatial locations of the 

regions of interest (ROIs) for DCM analysis at 3T and 7T are shown on (g) and (h), respectively. 

The statistical parametric maps were thresholded at a voxel level of p < 0.05, corrected using 

random field theory, and then superimposed on the canonical surface mesh (distributed with 

SPM12). DCM defines each ROI in the SPMs of each individual subject. We therefore identified 

the individual coordinates of the ROIs as the subject-specific maximum within the respective mask 

(based on the anatomical constraints, and group coordinates). Time series for each subject were 

then summarized – for each ROI – with the first principal component of a 4-mm radius sphere. 

Figure 2. Different combinations of condition-specific connectivity effects; resulting in four 

models for each condition (a) left hand (LH), (b) right hand (RH), and (c) both hands (BH) 

movement conditions. Models differed in the complexity; ranging from a sparse model (model 1) 

to a full model (model 4). Instead of testing a large number of models, we limited our models to 

biologically plausible models that have been used extensively in previous studies (Grefkes et al., 

2008; Frassle et al., 2015). 

Figure 3. Average connectivity and driving input were identical across all models. There were on 

average connections between all six regions of interest within the motor network, including 

premotor cortex (PMC), supplementary motor area (SMA), and primary motor cortex (M1). Visual 

cueing driving inputs entered the middle temporal visual area, V5. 

Figure 4. Group (relative) log-evidence over models following Bayesian model comparison based 

on fixed-effects analysis (FFX). Relative log-evidence was obtained by subtracting the log-
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evidence for the model with the least evidence (Stephan et al., 2009). These analyses were 

performed to ask which model or architecture is the best explanation for the effect of each 

experimental condition on connectivity. Model 1 was selected in both DCM- 3T and 7T as the 

most likely model. Moreover, the distributions of (relative) log-evidences were very similar on 

comparing DCM for 3T and 7T data. 

Figure 5. The group-level posterior mean of condition-specific changes for the most likely model. 

Group-level inference on model parameters were assessed using Bayesian model averaging 

(BMA), followed by Bayesian parameter averaging over subjects. Left panels: BMA from DCM-

3T. Right panels: BMA results from DCM-7T. During left hand (LH) movements, directed 

connections to right M1 were enhanced, whilst connections to left M1 were attenuated. In contrast, 

during right hand (RH) movements, a similar mirror-reversed pattern of modulation within the 

motor network was observed. Interestingly, during both hands (BH) movements, connections from 

premotor areas (including SMA and PMC) to M1 were bilaterally enhanced. These results were 

consistent with findings of previous 3T fMRI studies (Grefkes et al., 2008; Frassle et al., 2015). 

Moreover, a similar pattern of condition-specific changes was seen in estimates from DCM-3T 

and DCM-7T. In LH and RH conditions, there were 3 discrepancies in the signs of the connectivity 

changes over 18 modulatory connectivities (3/18 = 0.16). In BH conditions, there were no sign 

discrepancies over all 20 condition-specific effects. 

Figure 6. Comparison between group mean (Bayesian parameter average) parameters from DCM-

3T and DCM-7T. The scatter plots report the correlation between the estimates of group mean 

parameters at 3T and 7T, including (a) average connectivity, (b)(c)(d) connectivity changes in LH, 

RH, and BH conditions, respectively. Red dots represent the amplitude of group mean average 

connectivity, including 8 intrinsic (self) connections and 48 extrinsic (between-region) 
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connections. Blue dots represent the amplitude of condition-specific changes in connectivity. 

These results indicate that average connectivity and condition-specific changes were consistent 

between DCM-3T and DCM-7T, across all experimental conditions. 

Figure 7. Predicted neuronal responses from 3T and 7T fMRI parameter estimates (i.e., Bayesian 

model averages). These predicted neuronal responses were averaged across trials and regions. As 

predicted, neuronal responses at 7T were almost identical to those at 3T. Blue and red plots indicate 

signals generated using DCM-3T and DCM-7T, respectively. The sold black line indicates task 

periods (16 s). 

Figure 8. Posterior standard deviations for group-level estimates of average connectivity (A, left 

panel) and changes in connectivity (B, right panel). The posterior standard deviations for A and B 

parameters estimated from DCM-7T (red plots), were generally smaller than those estimated from 

DCM-3T (blue plots). 
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