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Introduction 
The concept of functional integration aims at relating the specific activity of brain regions to context-dependent 
interactions between neural regions [1]. Dynamic causal modeling or DCM [2] is a recent method that models 
functional integration. It allows for estimation of regional interactions in addition to direct effects of stimuli on 
regional activity. Furthermore, interactions between regions can be modulated by the stimulus context. 
Parameters are estimated in a Bayesian inversion scheme resulting in a multivariate posterior parameter 
distribution that enables complex inferences on the network connectivity on a single subject level.  
On a group level, however, several approaches have been proposed: (a) classic random effects (RFX) second 
level analysis based on the mean parameter estimates ignoring intra-subject variance (e.g. [3]); (b) a more 
Bayesian-minded approach combining multivariate single subject posterior parameter distributions according to 
Bayes’ theorem [4,5]; (c) temporal averaging [6]. A Bayesian second level analysis would allow for more 
complex inferences using e.g. arbitrary thresholds and it avoids the problem of multiple comparisons. Despite all 
these advantages, Bayesian second level analysis has only been used sporadically in DCM (e.g. [7]) as a product 
of Gaussian distributions may lead to counterintuitive results if the participating distributions have differing 
correlation coefficients (see fig. 1). Here we aimed at comparing estimation accuracy of these three averaging 
methods and their dependence on noise level as well as population heterogeneity based on simulated data.  
 
Materials and Methods 
Simulated data was based on a recently published motor network (fig. 2) generated using the same equations as used in DCM. The 
network consisted of two regions, the supplementary motor area (SMA) and the primary motor cortex (M1) [6]. We simulated a 
population of 60 “subjects” under two different conditions: either a homogenous population where all data sets were equal except noise 
and a heterogeneous case were subjects had different connectivities varied independently around the values shown in fig. 2. Data sets were 
generated for 8 different signal-to-noise ratios (SNRs) ranging from 0.05 to 50. 
Classic RFX analysis was performed by considering only the mean parameter estimates. Full multivariate Bayesian averaging was done by 
multiplying the single subject posterior parameter distributions yielded by the model estimation [5]. Temporal averaging group analysis 
was performed by averaging fMRI signals before applying DCM analysis.  
 
Results 
Fig. 3 shows group results for one model parameter (effect of imagination condition on the forward connection between SMA and M1). 
For homogeneous input data all methods except temporal averaging yielded comparable results (fig. 3A). Temporal averaging showed 
considerably less deviation at low SNR-levels simply due to the fact that the SNR level increases by the square root of the number of 
subjects when averaging across multiple subjects. Overall deviations decreased with higher SNR as expected and leveled off at SNRs 
greater than 5.  
In case of heterogeneous parameters (fig. 3B) classic RFX analysis and also temporal averaging show similar results compared to the homogeneous case. For Bayesian 
averaging, however, divergent results emerged: at low SNRs Bayesian second level analysis shows slightly better results than RFX while with SNR levels above 1 
Bayesian averaging results showed substantial deviations from the true parameters even at very high SNR. All other parameters showed similar results, but are not 
shown due to limited space. Importantly, homogeneous population data results showed much less variation in intra-subject correlation compared to heterogeneous data 
sets, although correlation medians were similar for groups indicating, on average, an increase in dependency with increasing SNR.  
 

Discussion 
Here, we have analyzed three different methods for group inferences used in the literature. We 
demonstrated that for a homogeneous study group results are consistent across averaging methods. More 
specifically, Bayesian averaging and classic RFX analysis yielded similar parameter estimates while 
temporal averaging performed better at lower SNR levels. For a more heterogeneous and, therefore, more 
realistic study group Bayesian second-level analysis deviated strongly from input statistics, especially at 
high SNR-levels. We were able to relate this effect to the heterogeneity of intra-subject parameter 
correlations induced by variable input parameters. This variability together with the variation in the mean 
estimates at the single subject level resulted in group statistics that did not resemble the input statistics.  
 
Conclusion 
Reliable group statistics are vital for estimating functional integration. Our analysis revealed that RFX is 
more robust against population heterogeneity as intra-subject variance is ignored. Although temporal 
averaging has advantages at lower SNR it is limited in its applicability as stimulus timing must be 
identical across subjects. Despite its many advantages, Bayesian second level analysis can yield group 
results strongly deviating from the actual study population and its results should, therefore, be interpreted 
very carefully.    
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Fig. 1: Contour plot of the product (thick lines) 
of two bivariate Gaussians (thin lines) with 
equal (left) and differing (right) correlation 
coefficients (CC). Dashed lines show arithmetic 
mean. 
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Heterogeneous Population: Imagery→SMA→M1B
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Fig. 3: Plots show group estimates for one parameter 
yielded by different averaging methods for a 
homogeneous (A) and a heterogeneous (B) population. 
Box on the right shows input parameter distributions. 
Dashed line shows real population mean. Gray x-s show 
single subject estimates. 

Fig. 2: Motor network 
as published in [6]. A 
countdown preceded a 
brief finger movement 
(Task) that was either 
executed or imagined. 
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