
 

Supplemental Material.  

I. Polynomial modeling of BOLD response modulation with response time 

(RT) 

The utility of parametric modeling to characterize neurophysiological responses 

has been shown in fMRI experiments using block (Buchel et al., 1998) and event-

related designs (Lehmann et al., 2006; Weissman et al., 2006). The underlying idea is 

to represent the brain response as a linear combination of basis functions (cosines, 

polynomials) of some experiment-related parameter, such as word presentation rate 

(Buchel et al., 1996; Buchel et al., 1998) or response time (Lehmann et al., 2006; 

Weissman et al., 2006). While mathematical aspects of such modeling has been 

described elsewhere (Buchel et al., 1996; Buchel et al., 1998), we provide a short 

summary of the main results as well as the motivation and interpretation of the 

proposed implementation. 

Parametric modeling in event-related fMRI design is motivated by the 

expectation that BOLD signal will vary according to task demands and that this might 

be evident from trial-to-trial (Lehmann et al., 2006). Using a fixed hemodynamic 

response to model brain activation in response to changing behavior puts this 

variability in the residual variance, thus potentially discarding information that might 

otherwise be informative about cognitive processes. Capturing response variability can 

help differentiate brain regions based on the variation of their hemodynamic signal 

response in accordance to a change in task parameter (Buchel et al., 1998; Formisano 

et al., 2002). Here, we used parametric modeling to predict how signal would change in 

response to RT and in particular, at RT values which are rare (around 5% of total 

responses). 

In the fixed hemodynamic response modeling (event-related design), the fMRI 

time course )(ty  is modeled as follows: 
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where a  is the baseline, kt  are the stimulus onset times and )(tn  is the noise. In the 

variable modeling we relax the shape of hemodynamic response to change with kτ , 

e.g. response time (RT): 
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Furthermore, in parametric modeling, the dependence of the hemodynamic 

response on task parameter is modeled as a linear combination of basis functions, 

typically polynomials: 
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However, compared to the simple linear and second-order expansion above, 

using orthogonal basis functions have the advantage that the parameter estimates are 

independent of each other under the null hypothesis (Buchel et al., 1998). The 

resultant representation then has the form: 
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where τ  is the mean value of the task parameter (mean RT in our case). First order 

polynomial basis function is )()(1 τττ −=p ; the expression for )(2 τp  and higher order 

terms depends on higher order moments of the probability distribution of kτ ’s. These 

terms to grow in magnitude (compared to linear term) faster the further RT deviates 

from the mean. Fig. 1 shows the first three orthogonal basis functions as derived from 

our experiment’s distribution of RTs. At the time of lapse ( 5.0+=ττ ) we 

approximately have 
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Fig. 1. First three orthogonal basis functions plotted against response time in seconds 

In our work we refer to  as the mean response curve,  as the linear 

(or deviate) response curve, and so on. To estimate the curves, we used well-known 

general linear model based on the finite impulse response with 14 regressors (L=14) 

(FIR; (Ollinger et al., 2001)). This results in the following matrix equation  

 

where  is the time course vector,  is the design matrix, and  is the vector of 

unknown parameters: 

 

Finally, a least squares error estimate of  is obtained using 
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Selection of the most appropriate model (Buchel et al., 1998) is a balance between 

including and excluding higher order model terms. Including additional higher order 

terms allows better fit to the actual hemodynamic response function. On the other 
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hand, this can also lead to reduction of sensitivity as the higher order terms ‘‘use up’’ 

degrees of freedom. For our data, some regions did show effects that were better 

modeled with additional second and third order terms. However, the benefit was so 

small that we decided to limit the model to mean and linear terms only.  

To demonstrate this, consider Fig. 2, which shows clusters of estimated zero, first, 

second and third order response curves for each subject in the left parietal area; the 

mean and linear curves are clustered well while the second and third order curves 

appear almost “random” with close to zero group averages. Post-hoc random effects 

analyses revealed that for the linear curve time points 6-9 were significantly different 

from baseline (p<0.001). In the second order curve, time points 6-8 were significantly 

different from baseline (p<0.001). However, the actual magnitude of the curve at these 

points was around 0.3 and hence would lead to only 0.3*p2(0.5)=0.3*0.1=0.03 

contribution to the value of the combined curve. This is almost 1/10th the contribution 

of the linear curve, which peaks at a magnitude of 0.5 and hence contributing a value 

of 0.5*p1(0.5)=0.5*0.5=0.25 to the predicted response shape. This allows the second 

order term to be discarded on the basis of its insufficient (<10%) contribution. None of 

the time points in the third order curve were significantly different from zero. 
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Fig. 2. The cluster of Estimated response curves for each subject in the left parietal area. 

Shown in Bold are group averages. 

Interpretation 

Since we limited estimation to zero )(0 th  and first order )(1 th terms only, the shape of 

the hemodynamic response at the time of lapse becomes 

)(5.0)()( 10 thththLAPSE +=  

In interpreting the results of the comparison between the mean and lapse responses, it 

is important to keep in mind the following observations: 

1) The applicability of the parametric model relies on the assumption that the 

hemodynamic response is a smooth function of the task parameter. In our case 
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this means that the shape of the hemodynamic response does not undergo any 

discontinuities as RT changes across fast to slow responses. Otherwise, higher 

order terms would be required to faithfully estimate the RT dependency. This 

would require an impractically large number of experimental events. 

2) Using polynomial modeling to predict the lapse response shape is not the same 

as averaging over all lapse responses (responses that deviate for more than 

0.5s from the mean). The latter would not be possible in our study since the 

responses slow enough to be considered ‘lapses’ by the above definition 

account for only 4.5% of all responses making averaging of these impractical. 

Our approach relies on a linear (or close to linear) relationship between RT and 

neural activity, interpolating the ‘lapse’ response from all available responses.  

3) The modeling precision will decline with the deviation from the mean; for large 

deviations higher order terms become more important and become necessary 

to include in the model. However, the estimates of these higher order terms are 

too noisy to rely on (see Fig. 2), leading to less precise modeling. Nevertheless, 

exclusion of higher order terms at the time of the lapse did not appear to be a 

problem, as their contribution at 0.5s deviation was found to be minimal. 

II.  Passive visual stimulation experiment 

Twenty-seven right-handed healthy individuals participated in the experiment that 

sought to find state-related differences in primary visual cortex activation in response to 

a flickering checkerboard. The manner in which participants were selected as well as 

the timing of the scans were identical to that described in the main experiment. A 

18°x18° checkerboard, alternating at 8Hz was presented in an 8-cycle block-design 

fMRI experiment. The checkerboard blocks were alternated with fixation of equal 

duration (20s; Fig. 3). Participants were required to respond with their right index and 
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middle finger in a self-paced, alternating fashion whenever they saw the checkerboard. 

This was to ensure that they were viewing the stimuli during SD.  

The functional images were subjected to motion correction, slice-time correction 

and spatially normalization to Talairach space and spatial smoothing prior to analysis. 

Analysis was performed using a general linear model (GLM) with two predictors (RW, 

SD) and each predictor was convolved with a canonical hemodynamic response 

function (HRF) and its temporal derivative. To uncover state differences in activation, 

the parameter estimates from the two predictors were contrasted. Visually inspecting 

the map from this whole-brain analysis revealed no state differences in the primary 

visual cortex. A comparison of parameter estimates obtained from a 1cm3 ROI 

centered at a local maximum within the calcerine cortex for the two states verified that 

there were no observable state differences (t(26)=0.19, n.s.) in the response to the 

checkerboard stimuli. 

 

 

Fig. 3 Stimuli and presentation sequence in the visual checkerboard experiment. 
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Fig. 4 fMRI signal associated with visual checkerboard stimulation in primary visual 

cortex. 
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