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contain target location information and the target would appear at either
the left or right visual � eld with equal possibility. Importantly, using the
same approach as we used before (Huang et al., 2018; Jia et al., 2017; Liu
et al., 2017), the luminance of the two discs, in both cueing and neutral
conditions, was independently modulated for 5 s, according to two 5 s
random temporal sequence respectively (Fig. 1C). We next employed the
TRF approach (Crosse et al., 2016) to calculate and separate neural im-
pulse response for the two discs (Att TRF and Unatt TRF) from the same
EEG recordings. The TRF method, which uses linear regression to
quantify the linear part of the stimulus-response relationships, models
the neural impulse response function (i.e., the evoked brain response to a
unit change in luminance in a stimulus sequence as a function of time
lag).

As illustrated in Fig. 1C, we � rst calculated the TRF responses for the
attended, unattended, and neutral conditions in each channel and in each
participant respectively (see representative participant data in Fig. 2A).
We next performed a spectrotemporal analysis on the TRFs to examine
their � ne dynamic structures as a function of frequency (1–30 Hz) and
time lag (0–0.8 s); this was done for each condition (Att, Unatt, Neutral),
in each channel, and in each participant separately. Further analysis was
then based on the spectrotemporal power pattern, in particular, the
alpha-band power temporal pro� le of the TRF responses for each con-
dition, based on previous � ndings supporting the critical role of alpha-
band activity in visual attention ( Haegens et al., 2012; Jia et al., 2017;
Klimesch et al., 2007). Notably, the TRF spectrotemporal power differ-
ence between conditions might be not obvious in the temporal waveform
since the grand average could cancel out the phase-inconsistent activities
between subjects (Jia et al., 2017).

Fig. 2A illustrates the TRF responses of a representative participant on
a representative sensor (Pz), and it is notable the TRF response becam
� at and noisy when the relationship between the stimulus sequence and
the corresponding trial response was shuf� ed (achromatic lines), sup-
porting that the calculated TRF waveform represented a genuine
stimulus-speci� c tracking response (Fig. 2A, left; see the reconstruction



the Att � Neutral comparison showed signi� cant activation in the bilat-
eral occipital area (cluster-based permutation test, p< 0.01; Fig. 3A, left),
whereas the Unatt� Neutral comparison mainly happened in the post-
central parietal area (cluster-based permutation test, p< 0.01; Fig. 3A,
right). We further divided targets based on where they were presented
(left versus right), and then calculated the corresponding TRF response
and the alpha-band power pro� les separately. As shown inFig. 3B, the





a relative-time signal instead of absolute-time course (Crosse et al., 2016;
Lalor et al., 2006). Therefore, the observed Att-Unatt temporal difference
(i.e., ‘sequential sampling’ or ‘sequential processing’) in TRF responses
primarily supports their temporal latency difference (de
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