
First, the constant impulse and constant epoch models assume
constant HDR amplitudes for all trials. While a seemingly reasonable
simplification, our results show that ignoring trial-to-trial variations
even for brief events results in substantial mismodeling. Secondly, the
impulse models (constant and variable) assume that the duration of
the neural activity is not different from zero for brief events. Thus,
although the variable impulse model allows the amplitude of the HDR
to bemodulated in height, the shape of the HDR for all trials in the two
models is required to remain constant. Our results suggest that trial-
to-trial variations in duration are not fully captured by modulation of
amplitude.

Fig. S4 and Fig. 4 illustrate in more detail why the models are not
equivalent. Fig. S4 shows the size of the difference between the
predicted and actual response when modeling a variable duration
neural process (Fig. S4A) as if it was a constant impulse (Fig. S4B); the
two models make quite different predictions about the shape and
amplitude of the fMRI time series (Fig. S4C). Fig. 4 describes the
differences in the shape of the HDR during changes in stimulus
amplitude (red) and stimulus duration (blue). Fig. 4A shows predicted
responses after convolutionwith a canonical HRF for events ranging in
amplitude and duration from 0 to 4000 ms (in steps of 500 ms). The
graph shows that modulations in stimulus amplitude and duration

produce divergent responses—even after convolving very brief events
with a canonical HRF. For a stimulus duration of 1.0 s, the correlation
between the impulse response and the epoch response is R2 = 0.92,
whereas for a stimulus duration of 3.0 s, the correlation is much lower,
R2 = 0.54 (Fig. 4B).

To compute the relative contribution of mismodeling shape vs.
amplitude of the HDR, we computed the mean percent variance
explained by the impulse model across trials when the durations are
gamma distributed in the same way as our RT distribution. In our
simulations, mismodeling of shape accounted for 12% of the
mismodeling effect; mismodeling of amplitude accounted for the
other 88%.

Imaging

Based on our simulations, we developed several predictions that
we tested using fMRI. First, if the convolution of neural activity with a
HRF is an accurate model of HDRs, then duration-modulation and
amplitude modulation should generate different HDR shapes (Fig. 4A).
Specifically, amplitude modulation should vary the rise time of the
HDR, with more intense stimuli resulting in more rapid signal
increases and greater evoked amplitudes. Duration-modulation, by

Fig. 3. Detection power and false positive rate for eachmodel. Each model was used to detect a simulated time-varying signal. Each data point consisted of 10,000 simulated runs. (A)
The variable epoch model (blue) has significantly higher detection power as a function of effect size (Pearson's correlation coefficient) than all the other models. Although the
improvement in power is a function of run length, the results provide an estimate of the relative cost of using the other models in detecting time-varying signals. (B) All the models
have similar false positive rates. (C) The variable impulse model (two regressors; green) has higher power than the variable epoch model (single regressor; blue) for small effect sizes.
However, this comes at a substantial cost due to an increase in false positive rate (D). Error bars represent standard deviation (note: error bars are too small to be visible in A and C).
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contrast, should result in a quickly saturating (constant) rise time, but
a linearly increasing time-to-peak for the HDR. This hypothesis was
tested in Experiment 1. Second, the variable epoch model should be
more powerful than other models at detecting variable duration,
visually evoked activity in the presence of physiological noise,

resulting in a significantly greater number of suprathreshold voxels
in occipital cortex. Our third and fourth predictions were that the
variable epoch model should result in activation patterns with higher
reliability across runs and lower inter-subject variability than other
models. These predictions were tested in Experiment 2.
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Experiment 1 — Dissociating signal intensity from duration
As the stimulus contrast increased, the amplitude of the response

increased (Fig. 4C, red). More importantly, as the model in Fig. 4A
predicts, the initial slope increased linearly (Fig. 4D, red; linear
regression, slope = 5.8 × 10−5, p = 0.0050, intercept = 0.0011, p =
0.0093, df = 52) but the time to reach maximum BOLD response did
not change (Fig. 4E, red; linear regression, slope = − 0.0059, p = 0.70,
intercept = 3.2, p = 2 × 10− 13, df = 47). The reverse pattern was evident
when increasing stimulus duration. Although the amplitude increased
with stimulus duration (Fig. 4C, blue; polynomial regression, quad-
ratic term = − 0.0010, p = 0.0037, linear term = 0.0044, p = 0.0006,
intercept = 0.0027, p = 0.84, df = 47), the initial slope reached a

constant value at a stimulus duration of 1.3 s, but showed a linearly
increasing time of peak response (Fig. 4E, blue; linear regression,
slope = 0.70, p = 0.00032, intercept = 2.9, p = 1 × 10−14, df = 50).

Experiment 2 — Sensitivity and consistency of GLM analysis
We compared the performance of each of the regression models to

detect visually evoked responses in occipital cortex by comparing the
number of significant voxels generated by each model. We also
compared the consistency of the results generated by each model
using three measures: (1) peak Z-score across runs, (2) reliability of
the spatial activation pattern across runs (assessed with Cronbach's
alpha), and (3) inter-subject variability of the estimated HRF (assessed

Fig. 4. Dissociating changes in intensity from changes in duration. (A) The canonical HRF was convolved with either an impulse of variable height (red) or an epoch of variable
duration (0–4000 ms in 500 ms steps; blue). When only intensity is modulated, the shape of the HDR is constant, varies only in height, and is identical to the theoretical HRF (red).
However, when duration is the critical variable, both the shape and height of the response vary (blue). (B)We calculated the Pearson's correlation coefficient, R2, between the impulse
model (or HRF) and the variable duration HDRs. The percent of temporal variance explained by the impulse model decreases as a function of duration. When the duration of the
neural process is 3 s, the impulse model can only explain half of the variance in the data. (C) Data from the visual cortex of a single subject viewing flashing checkerboards of variable
contrast (5%,10%, 20%, 40%) with a constant duration (0.25 s, left panel) and variable duration (0.25 s, 0.75 s, 1.3 s, 3.5 s) but constant intensity (5%, right panel). The circles indicate the
peak intensity for each trial type. (D) As predicted by the LTI model in (A), the slope of the HDRs in (C, red) increases linearly with stimulus intensity (red). However, for stimulus
durations greater than ~1.3 s, the slope of the HDRs in (C, blue) remains constant (blue). Error bars represent standard error. (E) As stimulus intensity increases, the time at which the
HDRs reach their peak intensity remains constant (red), as predicted by the LTI model in (A). In contrast, the time to peak is linearly related to stimulus duration (blue). Error bars
represent standard error.

Fig. 5. Detection power and consistency of detected response. (A) When a neural process (in this case a flashing checkerboard) has variable duration across trials, the variable epoch
model detects a greater number of significant voxels on each 5.5 min run than the othermodels. (B) The same pattern is true at the group level (mixed-effects analysis; n=8 subjects).
The variable impulsemodel has amuch less consistent response across runs and across subjects, resulting in a large drop in sensitivity at the group level. (C) An example of themixed-
effects group level activation maps demonstrates that the variable epoch model showed higher Z-statistics and detects many more significant voxels than the other models. The
unthresholded activation maps show that the variable impulse model has a similar, but non-significant, spatial distribution of activity in the visual cortex.
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with Levene's Test). We predicted that the variable epoch model
would have significantly better fits to the data, a more consistent
distribution of active voxels, and lower variance in the HRF estimate.

Fig. 4A shows that the variable epoch model was able to detect
more active voxels than the other models across a range of thresholds.
We counted the number of significant voxels detected within the
visual cortex for each functional run and tested whether the epoch
model detected significantly more active voxels (paired t-test,
significant at p b 0.05, df = 7). At a voxel detection threshold of p =
0.01, the variable epoch model detected an average of 525 (s.e. = 84)
active voxels per run, compared to only 383 (s.e. = 83, p = 0.0005)
voxels for the constant impulse model (Fig. 5A). This comprises a 27%
decrease in the number of detected voxels. The constant epoch model
detected 31% fewer voxels than the variable epoch model (mean
detected = 361, s.e. = 78, p = 0.0008). The constant impulse regressor
and modulator generated 406 (s.e. = 86, p = 0.0006) and 250 (s.e. = 68,
p = 0.0005) activated voxels, respectively. The variable epoch model
also detected more voxels than the F-test of the variable impulse
model (mean detected = 380, s.e. = 56, p = 0.0014, 28% reduction; Fig.
S5). Thus, for individual functional runs, the variable epoch model
detected significantly more active voxels than all other models
(including the F-test of the variable impulse regressors) at all
detection threshold levels (p-values).

The improvement in performance of the variable epoch model also
generalized to the group level, across subjects. At a threshold of p = 0.01,
the variable epochmodel detected 8793 significant voxels compared to
only 6520 voxels (26% decrease) for the constant impulse model and
5694 voxels (38% decrease) for the constant epoch model (Fig. 5B). The
largest decrease in power was demonstrated by the two-regressor,
variable impulse model; the constant impulse and modulator
regressors generated only 147 and 473 significantly activated voxels
(Fig. 5B). The corresponding group activation maps (thresholded at p =
0.01 and unthresholded) are illustrated in Fig. 5C. This large reduction
in sensitivity of the variable impulse model at the group level is due to
the decreased consistency of the spatial activation pattern at the
individual level for the variable impulse model when compared with
the variable epoch model (see Cronbach's alpha below). The primary
reason for the decreased consistency at the individual level is that the
variable impulse model attempts to account for a single source of
temporal variance as if it were two independent sources: a constant
intensity, zero duration component and a zero duration, variable
intensity component with intensity proportional to duration. These
two arbitrary transformations produce regressors that do not closely
match the data, resulting in low power for each regressor.

To test for differences in the false positive rate between themodels,
we counted the number of significant voxels detected within the
ventricles. Ventricular masks were created by thresholding the partial
volume maps such that gray and/or white matter accounted for no
more than 5% of the volume of each CSF voxel. The number of active
voxels within each mask was counted and normalized by the total CSF
volume. There were no significant differences between the variable
epoch regressor and any of the other regressors (paired t-test, p = 0.58
for constant epoch model, p N 0.93 for all others). However, the F-test
for the variable impulse model detected 40.8% more significant voxels
in the ventricles and surrounding CSF than the variable epoch model
(paired t-test, p = 0.039).

Since the “true” activation pattern is unknown, it is possible that
the greater number of significant voxels detected by the variable
epochmodel may be due to factors other than greatermodel detection
power. An additional test of model quality is the degree of consistency
in the detected brain activity. We evaluated the consistency of the
brain activation generated by each model in three ways: (1)
significance of activation, (2) Cronbach's alpha, and (3) variability of
the HRF estimate.

The variable epoch model generated higher statistical significance
values (Z-scores) compared to the other models. The mean peak Z-

score across runs was determined for the visual cortex of each subject.
The mean peak Z-score was significantly higher for the epoch model
using a paired t-test (p b 0.05, df = 7; variable epochmodel: μ = 6.4, σ =
1.7; constant epoch model: μ = 5.4, σ = 1.5, p = 0.0007; constant
impulse model: μ = 5.6, σ = 1.5, p = 0.019; variable impulse, constant
regressor: μ = 5.8, σ = 1.7, p = 0.0030; variable impulse, modulator: μ =
4.8, σ = 0.5, p = 0.0051), indicating that the variable epoch model
explains a greater proportion of the variance than the other models.
The difference in mean peak Z-scores also extended to the group
activation map (variable epoch model: μ = 5.7; constant epoch model:
μ = 4.9; constant impulse model: μ = 4.8; variable impulse, constant
regressor: μ = 2.5; variable impulse, modulator: μ = 2.6).

To evaluate the consistency of the spatial activation pattern across
runs for each subject, we compared Cronbach's alpha (Cronbach,1951)
of the unthresholded Z-scores.Within the occipital cortex, the variable
epoch model generated a more consistent spatial pattern of
activation (α = 0.74) across runs than the other models (constant
impulse α = 0.62; constant epoch α = 0.56; variable impulse, constant
regressor α = 0.64, modulator α = 0.59). Higher alpha values for the
variable epoch model, as compared with the other models, were
significant at p b 0.05 using a paired t-test (Table S1).

As a final measure of consistency, we compared the variance of the
estimated HRF. The constant impulsemodel is often used to estimate a
custom HRF for individual subjects. It is commonly assumed that the
theoretical HRF is equal to the measured HDR. However, as was

Fig. 6. Quality of the HRF estimate. (A) The variable epoch model generates a mean HRF
estimate across subjects with lower variance than the constant impulse model. Shaded
regions represent one standard deviation. (B) Levene's Test for Equality of Variance was
used to determine whether the variances were significantly different. The dotted line
represents the significance threshold, set at pb0.05, F(1,14)=4.6. The majority of the
time points have significantly higher variance for the impulse HRF estimate than for the
variable epoch HRF estimate. Note that the crossover points at 7.5 s and 14.2 s are the
only regions where the variance for the epoch HRF exceeds the variance for the impulse
HRF.
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demonstrated in Fig. 4, the HRF and HDR are equal only when the
stimulus duration is close to zero. To determine the effect of
estimating the HRF by treating time-varying signals as impulses, we
used FLOBS, a basis set constructed to generate plausible HRF shapes
(Woolrich et al., 2004). Fig. 6A shows that the variance of the
estimated HRF using the constant impulse model (red) is dramatically
larger than the variable epoch model (blue). Fig. 6B shows that this
difference in variance was significant for most of the time points using
Levene's Test for Equality of Variance (Levene, 1960).

Discussion

In fMRI studies that use block designs, the regressors are almost
universally constructed as boxcar functionswith block durations equal
to the duration of the stimulus. Regressors that are designed in this
way are meant to detect neural activity with onset and offset times
that match the stimulus. As blocks shorten to 4 s or less, the
convention in the field is to switch to using impulse functions, rather
than to continue shortening blocks to match the length of the
stimulus. The resulting regressor assumes that the hemodynamic
impulse response function (HRF) and the hemodynamic response
(HDR) are equal, and that every trial produces an identical BOLD
response. Although the variable epoch method is rarely used (Fig. 1E),
it has several advantages. First, the variable epoch model provides
higher detection power for neural activity whose durations vary with
a known psychophysical parameter (such as RT). Second, in such
regions, the variable epoch method generates higher Z-statistics,
more reliable patterns of activation, and HRF estimates with lower
inter-subject variability. Finally, the variable epoch model is a more
physiologically plausible representation of decision-related activity —

neuronal activity bursts have an appreciable (non-zero) duration that
in many cases covaries with response time.

Convolving variable duration epochswith a canonical HRF results in
HDRs that are different from those generated by convolving impulses
(Figs. 4 and S3). A critical issue is whether this theoretical difference is
detectable under conditions of physiological noise. It has been argued
that the HDR to a short duration neural process is not appreciably
different from the HRF (Henson, 2003) due to high hysteresis
(temporal smoothness) in the BOLD response (Zarahn et al., 1997).
However, accounting for inter-subject variability in the shape of the
HRF by using a subject's own HRF in the regression model produces
more robust statistical parametric maps than using the canonical HRF
(Aguirre et al., 1998; Handwerker et al., 2004). Furthermore,
mismodeling of the HRF, as well as temporal mismatches between
the neural activity and the regression model, can result in significant
decrements in power (Hernandez et al., 2002). These results suggest
that differences in the shape of the HDR are detectable and important
even under conditions of high auto-correlated noise. Our imaging data
demonstrate that even for durations as brief as a few hundred
milliseconds, modulation of intensity or duration results in different
shapes of the BOLD response (Fig. 4). Explicitly modeling these
differences increases statistical power (Figs. 3 and S2) and can result in
dramatic increases in the number of voxels detected (Fig. 5).

Another weakness of the constant impulse model is its prediction
that the size of theHDR remains constant across events.While thismay
be a good model for passively viewed stimuli of equal durations, it is
unlikely to generate optimal results when a response is required from
the subject and when psychophysical measures can be incorporated
into the regression model. Even for simple reaction-time tasks in
which a subject presses a button in response to a signal onset, response
times can vary by hundreds of milliseconds (Menon et al., 1998;
Verhaeghen et al., 2006; Verhaeghen et al., 2003). Recordings from
single neurons have shown that the time taken to make a response
depends on neural processing times in decision-related brain regions
(Janssen and Shadlen, 2005; Maimon and Assad, 2006; Ratcliff et al.,
2007; Schall, 2003; Shadlen and Newsome, 2001; Snyder et al., 2006).

Furthermore, positive correlations between decision time and the
onset of the BOLD response have been demonstrated using fMRI
(Connolly et al., 2005; Formisano et al., 2002; Kruggel et al., 2000;
Menon et al.,1998). Thus, since the time necessary to perform amental
operation has variable, finite duration and is related to neural
processing time, it is not surprising that time-varying decision-related
activity may be better detected by a RT-related, variable epoch
regressor than a non-varying, zero duration impulse regressor.

Studies that account for decision time usually do so by modulating
the height of the impulse response (Buchel et al., 1998; Friston, 2003;
Henson, 2003; Josephs and Henson, 1999). If the true neural activity
varies in time, the variable impulse model significantly underper-
forms the variable epoch model when used for signal detection
despite the extra degree of freedom (Figs. 5 and S5). Thus, the
additional flexibility provided by the modulator is not sufficient to
accurately represent time-varying neural activity.

It is important to point out that response time is merely an
estimate of the time necessary to make a decision. Specifically, it
provides an upper limit on the duration of the neural activity that is
involved in forming the response. It may be possible to generate more
precise bounds on the decision period by using psychophysical models
or electrophysiological recording techniques. For example, RT tasks
can provide estimates of the durations of the sensory, motor, and
choice components of the decision (Posner, 1978; Sternberg, 2001)
whereas EEG can provide estimates of different neural components
that can then be included in the regressionmodel (Gerson et al., 2005;
Goldman et al., 2002; Goncalves et al., 2006; Osman et al., 1992).

Alternative methods of modeling fMRI data

Although the variable epoch model outperforms the variable
impulse model when detecting known time-varying signals, the
flexibility of the variable impulse model could potentially allow a
better fit to the data when the nature of the time-varying signal is
unknown. In fact, flexibility can be maximized by adding a series of
orthogonal basis functions to the regression design matrix. Deciding
whether to use a single, variable epoch regressor or multiple,
orthogonal regressors for modeling time-varying signals is deter-
mined by the specific aims of the study.

There are two common aims when performing regression analysis:
prediction and detection. Some studies are interested in developing
models that can make accurate predictions of the brain's response.
Because a predictive model is not known a priori, it has to be
determined from the data itself using an optimized set of basis
functions. Optimized basis functions are typically orthogonalized, but,
as a result, do not necessarily represent physiologically plausible
neural responses (e.g. a series of FIR filters, or sinusoids, or a basis set
created from the principal components of HDRs such as FLOBS).

In other studies, an a priori cognitive or neural model is assumed to
be true and a set of basis functions is created that represents the
expected physiological response in the brain. In this case, the
regression model is used to detect voxels that have a similar temporal
pattern as predicted by the cognitive/neural model. Such voxels are
said to be involved in the computation of the cognitive or neural
process that generated the model. Importantly, such models are not
orthogonalized because it is important to maintain equivalence
between the cognitive/neural model and the regression model in
order to provide explanatory power. However, it is possible to add
‘nuisance’ regressors that reduce the residual, but that are not used for
inference and that do not affect the explanatory power of the
cognitive/neural model. For example, the main regressor of interest
is often orthogonalized with respect to some other variable, for
example, head motion parameters to account for non-linear effects of
head motion, temporal derivatives to account for constant temporal
offsets of the model, or even a constant epoch regressor to improve
the specificity of a variable epoch regressor.
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Moreover, when regression is used for signal detection, the shape
of each response-related regressor should match the predicted
response-related neural activity. Thus, for certain cases, the impulse
model may be optimal; in fact, the detection of constant duration
activity requires a regressor consisting of boxcars or impulses of
constant duration. For example, stimulus onsets and offsets, as well as
simple motor responses, are best modeled by impulse functions. A
passively observed two-second tone or a three-second sinusoidal
grating is best modeled by a two- and three-second constant epoch,
respectively. However, the majority of event-related studies make
inferences about decision-making activity (Fig. 1B). Since decision
processes have variable duration, incorporating estimates of RT (or
other temporal measures of the decision process) into fMRI analyses
using the variable epoch approach can produce improvements in
power, reliability, and interpretability.
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