NeuroImage 235 (2021) 117985

Contents lists available at ScienceDirect

NeuroImage
journal homepage: www.elsevier.com/locate/neuroimage

How expectations of pain elicited by consciously and unconsciously
perceived cues unfold over time
Yiheng Tu a,d, Dimitrios Pantazis b,c, Georgia Wilson a, Sheraz Khan d, Seppo Ahlfors d,
Jian Kong a,d,∗
a

Department of Psychiatry, Massachusetts General Hospital and Harvard Medical School, Charlestown, MA, USA
Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology, Cambridge, MA, USA
c
McGovern Institute of Brain Research, Massachusetts Institute of Technology, Cambridge, MA, USA
d
Athinoula A. Martinos Center for Biomedical Imaging, Massachusetts General Hospital and Harvard Medical School, Charlestown, MA, USA
b

a r t i c l e

i n f o

Keywords:
Expectation of pain
Conscious and unconscious
Temporal decoding
Temporal generalization
Machine learning
Neural dynamics
Conditioning

a b s t r a c t
Expectation can shape the perception of pain within a fraction of time, but little is known about how perceived
expectation unfolds over time and modulates pain perception. Here, we combine magnetoencephalography (MEG)
and machine learning approaches to track the neural dynamics of expectations of pain in healthy participants
with both sexes. We found that the expectation of pain, as conditioned by facial cues, can be decoded from MEG as
early as 150 ms and up to 1100 ms after cue onset, but decoding expectation elicited by unconsciously perceived
cues requires more time and decays faster compared to consciously perceived ones. Also, results from temporal
generalization suggest that neural dynamics of decoding cue-based expectation were predominately sustained
during cue presentation but transient after cue presentation. Finally, although decoding expectation elicited
by consciously perceived cues were based on a series of time-restricted brain regions during cue presentation,
decoding relied on the medial prefrontal cortex and anterior cingulate cortex after cue presentation for both
consciously and unconsciously perceived cues. These ﬁndings reveal the conscious and unconscious processing
of expectation during pain anticipation and may shed light on enhancing clinical care by demonstrating the
impact of expectation cues.

1. Introduction
Pain is a highly subjective sensation that can be inﬂuenced by a variety of psychological factors (Wiech et al., 2008). One such example
is that our expectations can signiﬁcantly modulate the perception of
pain (Atlas and Wager, 2012; Fields, 2018), and these modulation effects (e.g., placebo analgesia and nocebo hyperalgesia) have been robustly observed in both basic and clinical studies (Finniss et al., 2010;
Kong et al., 2009; Kong et al., 2018). In the case of placebo analgesia, classical theories invoke conditioning to establish a link between a
cue (e.g., pain killer) and the following pain relief, thus creating predictive knowledge (i.e., expectation) that modulates future pain-related
responses to the same cue, even if it is inert (Kong and Benedetti, 2014).
Although the mechanisms of placebo and nocebo are still under investigation, neuroimaging techniques, especially functional magnetic
resonance imaging (fMRI) and positron emission tomography (PET),
have oﬀered insights into how predictive cues are processed by higherorder brain areas (Atlas et al., 2010; Petrovic et al., 2010; Tu et al.,
2020; Wager et al., 2004) and then modulate pain and pain-related brain
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responses (Freeman et al., 2015; Wager and Atlas, 2015). These theories have been recently extended to propose that predictive cues can be
recognized subliminally and conditioned pain-related responses (e.g.,
placebo analgesia and nocebo hyperalgesia) can be elicited without conscious awareness (Jensen et al., 2015, 2012), but placebo and nocebo
eﬀects induced by unconsciously perceived cues may be weaker than
conscious ones (Egorova et al., 2015; Tu et al., 2018).
Knowing how the human brain extracts expectation from predictive
cues is important for understanding and harnessing placebo and nocebo
eﬀects. However, there are critical gaps of knowledge in this domain.
First, previous studies using fMRI have had low temporal resolution
and were not able to track neural dynamics at the level of milliseconds (Wager et al., 2004). When and how expectations are extracted,
evaluated, and maintained after predictive cue onset are still unknown.
Second, studies suggested that visual percept could be processed in
the brain without conscious awareness (King et al., 2016; Salti et al.,
2015). Whether expectation elicited by consciously and unconsciously
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perceived visual cues during pain anticipation are associated with distinct neural dynamics remains unclear.
To answer these questions, we leveraged a visual cue conditioning
paradigm with both consciously and unconsciously perceived predictive
facial cues and collected magnetoencephalography (MEG) data during
the experiment. In the conditioning phase, cue-based expectations of
pain were both directly and indirectly conditioned (viewing a model
participant undergoing direct conditioning rather than receiving pain
themselves) for all participants (this setup allows us to explore possible eﬀect of conditioning type on time-resolved expectations, since recent studies showed that expectations of pain could be conditioned by
both self-experience and social observation (Schenk and Colloca, 2020;
Tu et al., 2018)). In the test phase, to determine how cue-based expectation of pain unfolds over time, we focused on analyzing the MEG data
from subjects viewing other conditioned cues, which were supraliminally and subliminally presented, to the onset of identical pain stimuli
(i.e., pain anticipatory period). We applied multivariate pattern classiﬁcation on MEG sensor measurements to decode levels of cue-based expectation (i.e., high pain vs. low pain) along with time, and then compared the neural dynamics for decoding expectations elicited by consciously and unconsciously perceived cues. Finally, we examined how
these neural dynamics mediated expectation of subjective pain intensities. We hypothesized that (1) participants would report signiﬁcantly
diﬀerent levels of pain perception following diﬀerent cues, even the
intensity of pain stimuli were identical; (2) decoding consciously and
unconsciously perceived expectations would be associated with distinct
spatiotemporal neural patterns; and (3) conditioning types (direct vs indirect) would not aﬀect the decoding process.

2.3.1. Conditioning phase
Subjects underwent two runs of direct conditioning and two runs
of indirect conditioning in a randomized order. Each run contained 20
trials. Visual cues consisted of forward-facing, emotionally neutral male
faces obtained from the Karolinska Directed Emotional Faces (KDEF) set
(Goeleven et al., 2008). Images were displayed with Presentation software (Version 16.3, www.neurobs.com), and the assignment of images
to a given condition was counterbalanced across subjects.
In direct conditioning, subjects were told that they would be presented with faces and pain ratings on a screen, and each face was paired
with a pain stimulus (i.e., they were not told that they would receive
high or low pain stimuli) on their leg. A heat pain stimulus was applied
to the leg 1 s after a cue was presented on the screen. Two cues (i.e.,
male faces, Fig. 1A) were presented in a random order, 10 times per cue.
One cue was presented with a high pain stimulus and the other with a
low pain stimulus. Subjects rated each stimulus on a 0–10 visual analogue scale (VAS; 0 being no pain and 10 being the worst pain possible).
Two diﬀerent pain rating scales were used in the calibration and conditioning/test phases (0–20 Gracely scale vs. 0–10 VAS). This aimed to
ensure that subjects focused on their immediate pain experience during
the test phase rather than any recollections of the calibration phase.
In indirect conditioning, subjects were shown a video of a model
participant undergoing direct conditioning rather than receiving pain
themselves. The model appeared in front of a computer with a heat
probe on their leg. Subjects saw the cue (i.e., male faces, Fig. 1A) that
was presented to the model, the model’s facial reaction in response to
the cue, and the model’s pain rating. The facial pain depictions were
obtained from a research assistant in the lab showing a painful or nonpainful expression without receiving real pain stimuli. The cue, facial
pain expression, and pain rating in one conditioning trial were paired
to link the cue and expectation of pain. Two new cues were presented
in a random order, 10 times per cue. One cue was paired with high pain
and the other with low pain. The model’s ratings average pain ratings
were 2.0 ± 0.4 for low pain and 8.1 ± 0.4 for high pain.
Please refer to Fig. 1A for the timings of a standard conditioning trial.
In direct conditioning, a cue was presented for 500 ms, and subjects received heat pain 1000 ms after the cue disappeared. The target temperature was sustained for 2000 ms, and subjects rated their pain intensity
5000 ms after the heat stimulus ended. Subjects were allotted 5000 ms
to rate their pain. In indirect conditioning, the model’s initial expression was shown for 2000 ms. After 4000–7000 ms (pseudorandomized),
subjects saw a cue for 500 ms. After 1000 ms, during which the model
presumably received a heat pain stimulus, they saw the model’s reaction
(painful or not painful) to the stimulus for 2000 ms. Subjects observed
how the model rated their pain intensity 5000 ms after the pain stimulus, and the rating procedure lasted 5000 ms. The timings from cue onset
to pain rating for both direct and indirect conditioning were the same
in order to control for the duration of learning the association between
cue and pain.
Following the conditioning phase, subjects were presented with an
array of 9 faces and asked to identify the 4 learned cues. Further, they
had to indicate whether the cue was direct or indirect and high pain
or low pain. Subjects who correctly identiﬁed these 4 cues immediately
proceeded to the test phase (two were not able to identify). The time
gap between the conditioning phase and test phase was around 5 mins.

2. Methods
2.1. Subjects
Thirty-seven healthy individuals without psychiatric or neurologic
disorders took part in this study. Fourteen subjects were dropped from
study; seven due to interference in the MEG scanner, two due to inability to recognize facial cues, four due to inconsistent pain ratings,
and one due to reported back pain. Two subjects were unable to complete the experiment. The ﬁnal sample consisted of 21 participants (12
females; aged 25.0 ± 3.9). The Massachusetts General Hospital Institutional Review Board approved the study, and all subjects provided
written informed consent.
2.2. Pain administration
A PATHWAY contact heat-evoked potential stimulator system
(Medoc Advanced Medical Systems, Israel) was used to deliver heat pain
stimuli. Stimuli were applied for 2 s each on the medial side of the lower
right leg. The location of the heat probe was adjusted between applications to reduce sensitization. Temperatures were calibrated for every
subject. For the familiarity and calibration phase, we ﬁrst performed
one ascending sequence. In the ascending sequence, the temperature
started from 38 °C with a step of 1 °C and ended at 50 °C or at the
temperature the subject could tolerate. Pain ratings were measured in
accordance with Gracely Sensory Scales (0–20) (Chapman et al., 1985;
Gracely et al., 1978). Three temperatures that each subject rated as 5–6
(low pain), 10–11 (moderate pain), and 14–15 (high pain) were selected.
After selecting three temperatures, we then applied 3 random pain sequences (three trials for low, moderate, and high pain respectively, a
total of 9 trials in each sequence) and 3 identical pain sequences (six
trials for low or moderate or high pain in each sequence), to test the
validity of calibrated temperatures.

2.3.2. Test phase
During the test phase, subjects were told that they would be presented with the four familiar cues and one unfamiliar cue. They were
also informed that some cues would be fully visible (supraliminal,
500 ms) while others would appear only brieﬂy and would be followed
by a masking image (subliminal, 33 ms cue + 467 ms mask) such that
the cue may be unrecognizable. An identical moderate pain stimulus was
delivered with each cue to test the conditioning eﬀect. The test phase
took place in three runs, with each run consisting of 60 trials for each
of 10 diﬀerent cues (5 supraliminal and 5 subliminal). Cues were pre-

2.3. Experimental design
The experiment consisted of a conditioning phase and a test phase
conducted on the same day (Fig. 1A).
2

Y. Tu, D. Pantazis, G. Wilson et al.

NeuroImage 235 (2021) 117985

Fig. 1. Experimental design and pain-related results. A. This experiment consisted of two phases. In the conditioning phase (~40 mins), direct cues (faces with
neutral expressions) were accompanied by heat pain stimulation of high or low intensity. Indirect cues (diﬀerent faces with neutral expressions) were accompanied
by observing a model experiencing high or low pain, showing both the physical reaction (painful or non-painful) and subjective pain ratings of the model. Each
subject participated in both direct and indirect conditioning. At the end of the conditioning phase, the subjects were presented with a brief face identiﬁcation test
(~1 min). In the test phase (~60 mins), one of ﬁve cues (four learned cues from conditioning and one novel, neutral cue) appeared either supraliminally (500 ms)
or subliminally (33 ms + 467 ms mask). The directly and indirectly conditioned high pain cues were presented with solid red and dashed red boxes, respectively.
The directly and indirectly conditioned low pain cues were presented with solid blue and dashed blue boxes, respectively. The control cue was presented with a solid
yellow box. Identical moderate pain stimuli (~2 s) followed all cues. Subjects were instructed to rate each stimulus on a 0–10 numerical rating scale. At the end of
the test phase, a cue recognition test was presented (~5 mins). B. Pain ratings of identical moderate heat pain stimuli after conditioned predictive cues during the
test phase. C. Magnitudes of directly and indirectly conditioned placebo analgesia and nocebo hyperalgesia. Errorbars in B and C represent standard error of mean.
∗ p < 0.05, ∗ ∗ p < 0.01 and ∗ ∗ ∗ p < 0.001. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

sented 6 times in each run (18 times total). For each cue, subjects were
prompted to rate their pain sensation in 1/3 of the total trials for that
cue (6 out of 18 trials; to reduce the length of experiment and reduce
fatigue of participants and to avoid recollection of rating of the former
trial). We thus collected six pain ratings for each of the 10 cues (supraliminal and subliminal presentations of direct high and low, indirect high
and low, and neutral cues) for each subject. Please refer to Fig. 1A for
the timings of a standard test trial.
Following the test phase, subjects were presented with cues from
the experiment in addition to novel cues, presented supraliminally and
subliminally. They were asked whether or not they recognized these
cues to ensure that recognition of the subliminal stimuli was at chance
level.

2.4. MEG and structural MRI acquisition
MEG data were recorded during the test phase for each subject. The
MEG data were acquired inside a magnetically shielded room using a
whole-head Elekta Neuromag VectorView system (Helsinki, Finland)
composed of 306 sensors arranged in 102 triplets of two orthogonal
planar gradiometers and one magnetometer. The data were sampled
at 1000 Hz after 300 Hz anti-aliasing low-pass ﬁltering. T1-weighted,
high-resolution magnetization prepared rapid acquisition gradient-echo
(MPRAGE) structural images were collected on a 3T Siemens Trio wholebody MRI scanner (Siemens Medical Systems, Erlangen, Germany) using
a 32-channel head coil.
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Fig. 2. Decoding cue-based expectancy from MEG signals. A. Image sets of four conditioned face cues for conscious and unconscious trials. B. Multivariate pattern
analyses were performed in a time-resolved manner on MEG data extracted from all sensors. For each time point t, we extracted MEG data for each face cue and
each trial and performed pairwise cross-validated SVM classiﬁcation. C. The resulting decoding accuracy values resulted in an 8 × 8 symmetric decoding matrix for
each time point. HE: high expectation cue; LE: low expectation cue; DC: direct conditioning; IC: indirect conditioning.

etitions. The results of the classiﬁcation (percentage decoding accuracy,
50% chance level) were stored in an 8 × 8 symmetric decoding matrix
(each cell in the matrix indicating the decoding accuracy with which the
classiﬁer distinguished between two face cues) per time point and subject (Fig. 2C). We further partitioned the decoding matrix into segments
for pairs of within consciousness and unconsciousness since direct comparisons between consciously and unconsciously perceived cues would
be driven by the eﬀect of the masking image.
In addition to decoding high and low pain cues, we used the same
temporal decoding approach to classify intra-subject pain levels (high
pain vs. low pain) across trials, despite the fact that subjects received
the same moderate pain stimuli for all trials. This analysis enabled us to
understand how expectancy-modulated anticipatory MEG brain activity
can predict subsequent variation of subjective pain perception. Given
that we only required subjects to rate 1/3 of all trials (i.e., 30 trials for
consciously and unconsciously perceived cues respectively), the prediction was performed by sorting trials according to subjects’ pain ratings
and equally dividing them into two classes (i.e., high pain and low pain).
To avoid the identical pain ratings when splitting trials into two groups
(i.e., the 15th and nearby trials after sorting) and to increase prediction
power, we only selected the 10 trials (i.e., top 1/3) with the highest
pain ratings and the 10 trials (i.e., bottom 1/3) with the lowest pain
ratings to be split into two groups. We then performed binary classiﬁcation using the anticipatory MEG measurements after consciously and
unconsciously perceived cues, respectively.
We also generalized the decoding procedure across time by training
the SVM classiﬁer at a given time point t and testing across all other time
points (Cichy et al., 2014; Pantazis et al., 2018). Intuitively, if representations are stable over time, the classiﬁer should successfully discriminate signals not only at the trained time t, but also over extended periods
of time that share the same neural representation of expectancy. This
temporal generalization analysis was repeated for every pair of cues,
and the results were averaged across conditions (e.g., high cue vs. low

2.5. MEG preprocessing and source analysis
Maxﬁlter software (Elekta Neuromag, Helsinki, Finland) was applied
on the acquired MEG data for head movements compensation and denoising using spatiotemporal ﬁlters (Taulu and Simola, 2006). Brainstorm software was used to extract epochs from 200 ms before cue onset to 1500 ms after cue onset and to preprocess the data. We removed
the baseline mean of each sensor (−200 to 0 ms) and lowpass ﬁltered
the data at 100 Hz. Epochs with peak-to-peak magnitude greater than
10,000 fT were excluded from further analyses (< 1% of epochs per
subject). For the subsequent multivariate pattern analysis, the data of
each sensor were divided by the standard deviation of the pre-stimulus
baseline signal of that sensor.
Source
activation
maps
were
computed
on
subjectspeciﬁc
cortical
surfaces
derived
from
Freesurfer
(https://surfer.nmr.mgh.harvard.edu/). The forward model was
calculated using an overlapping spheres model (Huang et al., 1999).
MEG signals were then mapped on the cortex using a dynamic statistical
parametric mapping approach (dSPM) (Dale et al., 2000).
2.6. MEG multivariate pattern analysis
For each time point in the peri-stimulus MEG signal, from −200 ms
to 1500 ms (1 ms resolution) with respect to cue onset, we extracted pattern vectors by concatenating the 306 MEG sensor measurements into
306-dimensional vectors, resulting in 18 pattern vectors for each cue.
We then used a linear support vector machine (SVM) classiﬁer (LIBSVM
library) (Chang and Lin, 2011) to classify pairwise between conditions
(e.g., 18 trials of direct conditioned, consciously perceived high pain
cues vs. 18 trials of direct conditioned, consciously perceived low pain
cues) with ﬁve-fold cross-validation (Fig. 2A and B). The pairwise classiﬁcation was repeated 100 times with random assignments of trials into
ﬁve folds, and the resulting decoding accuracies were averaged over rep4
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cue) and subjects, yielding 2-dimensional temporal generalization matrices with the x-axis denoting training time and y-axis denoting testing
time.

For the statistical assessment of classiﬁcation time series and temporal generalization matrices, we performed nonparametric permutationbased cluster-size inference (Maris and Oostenveld, 2007). The null hypothesis was equal to 50% chance level for decoding results. In all cases,
we could permute the labels (high or low cue) of the MEG data, which
was equivalent to a sign permutation test that randomly multiplied subject responses by +1 or −1. We used 1000 permutations; 0.05 cluster
deﬁning threshold and 0.05 cluster threshold were used for time series,
and 0.001 cluster deﬁning threshold and 0.05 cluster threshold were
used for temporal generalization maps (we used a stringent threshold
for temporal generalization since it had more multiple comparisons).
For the statistical assessment of diﬀerences in latencies and peak
accuracies between decoding consciously and unconsciously perceived
cues (i.e., decoding consciously perceived cues reached signiﬁcance earlier, had higher accuracies, and maintained signiﬁcance longer), we performed 1000 bootstrap tests (with replacement) over 21 subjects and
performed decoding on bootstrapped samples. The resulting latencies
(i.e., the ﬁrst and last time points above signiﬁcance; 1000 samples)
and accuracies were compared using a paired t-test.
For the identiﬁcation of spatiotemporal dynamics in the source
space, we compared classiﬁcation patterns against zero using a onesample t-test across 21 subjects, resulting in a t-value map at each time
point. The t-value maps were set at a threshold of p < 0.001 uncorrected
and p < 0.05 false discovery rate (FDR) corrected at the cluster level.

2.7. Identifying spatiotemporal dynamics for decoding
The time-resolved classiﬁcation yielded vectors of classiﬁcation
weights for 306 sensors at each time point for each subject. We
then transformed these weights into patterns using Haufe’s method
(Haufe et al., 2014). To provide an accurate understanding of the spatial
and temporal origins of the decoding signals, we mapped these sensorlevel patterns to subject-speciﬁc cortical source estimates using dSPM
(Dale et al., 2000). We were particularly interested in several time of
interests (TOIs) based on the results of temporal decoding (see Fig. 4A
and B for details): (1) during cue presentation (0–500 ms), we selected
the TOIs as the onset of signiﬁcance and two peaks in the time course
of decoding accuracy; (2) after cue presentation (500–1000 ms), we selected every 100 ms in the time course of decoding accuracy; and (3) the
oﬀset of signiﬁcant in the time course of decoding accuracy. We then
performed statistical testing at each TOI across subjects to identify spatiotemporal clusters with signiﬁcant contributions in decoding high and
low pain cues.
After identifying spatiotemporal clusters with signiﬁcant contribution, we extracted the brain response in each cluster and correlated with
the corresponding single-trial perceived pain intensities using Pearson’s
correlation analysis to investigate their relationship in the pain anticipation period (Atlas et al., 2010). To minimize the inﬂuence of individual
diﬀerences (Hu and Iannetti, 2019; Tu et al., 2019), single-trial pain intensities were normalized within each subject by subtracting their mean
and dividing by their SD before performing the correlation analysis. The
obtained correlation coeﬃcients were Fisher’s z-transformed, and the resulting z values were compared against 0 using a one-sample t-test and
p values were corrected for multiple comparisons using FDR.

3. Results
3.1. Behavioral and brain responses after pain stimuli
During the conditioning phase, four diﬀerent cues were associated
with a high or low level of directly or indirectly perceived heat pain.
Pain ratings between the low and high pain stimuli were signiﬁcantly
diﬀerent (t20 =33.8, p < 0.001; paired-sample t-test): low pain stimuli
elicited an average rating of 1.6 ± 0.5 (mean ± SE) and high pain stimuli
elicited an average rating of 7.4 ± 0.7.
During the test phase (Fig. 1B), ANOVA results indicated a signiﬁcant main eﬀect of cue (F2, 40 = 17.89, p < 0.001, 𝜂 2 =0.25), and nonsigniﬁcant main eﬀects of conditioning type (F1, 20 = 0.38, p = 0.54,
𝜂 2 =0.002) and awareness (F1, 20 = 0.11, p = 0.74, 𝜂 2 =0.0002) on subjective pain ratings. Post-hoc analysis showed that pain ratings for high
pain cues (3.93 ± 0.38) were signiﬁcantly higher than pain ratings for
neutral (3.40 ± 0.35; t20 =4.2, p < 0.001, Cohen’s d = 0.44) and low
cues (3.19 ± 0.34; t20 =6.2, p < 0.001, Cohen’s d = 1.36), while pain
ratings for low cue were marginal signiﬁcantly lower than pain ratings
for neutral cue (t20 =2.0, p = 0.05, Cohen’s d = 0.44).
We also observed a signiﬁcant eﬀect of interaction between cue and
awareness (F2, 40 = 10.18, p < 0.001, 𝜂 2 =0.11), demonstrating that expectancy eﬀects were stronger after consciously perceived cues compared to unconscious perceived ones (i.e., pain ratings after high cues
were higher, while pain ratings after low cues were lower in trials with
consciously perceived cues than in trials with unconsciously perceived
cues; high conscious vs. high unconscious: t20 =4.6, p < 0.001, Cohen’s
d = 1.0; low conscious vs. low unconscious: t20 =4.9, p < 0.001, Cohen’s
d = 1.1). Pairwise comparisons between low and high cues were signiﬁcant in the direct conscious (t20 =4.2, p < 0.001, Cohen’s d = 0.92),
indirect conscious (t20 =5.3, p < 0.001, Cohen’s d = 1.16), and direct
unconscious trials (t20 =2.3, p = 0.031, Cohen’s d = 0.47), but not in the
indirect unconscious trials (t20 =1.6, p = 0.14, Cohen’s d = 0.31).
We then compared pain ratings for conditioned cues (high and low)
to neutral cues and found signiﬁcant placebo analgesia and nocebo hyperalgesia in conscious trials (direct placebo: t20 =1.9, p = 0.033, Cohen’s d = 0.42; direct nocebo: t20 =4.1, p < 0.001, Cohen’s d = 0.91;
indirect placebo: t20 =3.4, p = 0.001, Cohen’s d = 0.74; indirect nocebo: t20 =4.3, p < 0.001, Cohen’s d = 0.93). However, we only found
directly conditioned signiﬁcant nocebo hyperalgesia in nonconscious
trials (t20 =1.9, p = 0.034, Cohen’s d = 0.42). ANOVA results showed

2.8. Mediation analysis
We performed bootstrapped mediation analyses to assess the mediatory role of anticipatory brain responses (see Fig. 5 for details) on the
relationship between cue-based expectancy and pain perception, using
the PROCESS macro (version 2.16.3) in SPSS (IBM, version 22.0.0) with
1000 bootstrap samples. This analysis identiﬁed 95% conﬁdence intervals for model components. With categorical values as the independent
variable (coded as 1, 0, and −1 for high, neutral, and low cues, respectively) (Hayes and Preacher, 2014) and perceived pain intensities (i.e.,
individuals’ pain ratings for high, neutral, and low cues, respectively) as
the outcome, we tested whether brain responses showing signiﬁcant correlations with pain intensities mediated the relationship between cuebased expectancy and pain perception. A mediation was considered signiﬁcant when bootstrapped upper and lower 95% conﬁdence intervals
did not include zero (Hayes and Preacher, 2014).
2.9. Statistical considerations
For the statistical assessment of behavioral results, we ﬁrst performed a three-way repeated-measures analysis of variance (ANOVA)
compare the subjective pain ratings to identical moderate heat pain
stimuli, with factors of cue (high vs. neutral vs. low), conditioning type
(direct vs. indirect), and awareness (conscious vs unconscious). When
the main eﬀect was signiﬁcant, post-hoc paired-sample t-test with Tukey
correction was applied. We also compared the magnitudes of placebo
analgesia (i.e., pain ratings following neutral cues minus those following low pain cues) and nocebo hyperalgesia (i.e., pain ratings following
high pain cues minus those following neutral cues) using a three-way
repeated-measures ANOVA, with factors of modulation type (placebo
vs. nocebo), conditioning type (direct vs. indirect), and awareness (conscious vs. unconscious).
5
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Fig. 3. Brain responses after consciously and unconsciously perceived visual cues. Three prominent deﬂections were identiﬁed: M120, M170, and M250, with
peaks around 120, 170, and 250 ms after stimulus onset, respectively. They all showed the largest magnitudes at bilateral temporal regions. Repeated-measures
ANOVA showed a signiﬁcant eﬀect of cue on the magnitudes of M120 after unconsciously perceived face cues (p = 0.04). No signiﬁcant diﬀerences in peak latency
for any of the three deﬂections were found in the consciously or unconsciously perceived cues.

signiﬁcant main eﬀects of modulation type (F1, 20 = 7.79, p = 0.011,
𝜂 2 =0.06) and awareness (F1, 20 = 14.1, p < 0.001, 𝜂 2 =0.13), but not
conditioning type (F1, 20 = 0.38, p = 0.54, 𝜂 2 =0.001) nor any of their
interactions on the magnitudes of placebo and nocebo eﬀects. Post-hoc
analyses showed that nocebo eﬀects (0.53 ± 0.18) were signiﬁcantly
higher than placebo eﬀects (0.21 ± 0.14; t20 =1.9, p = 0.011, Cohen’s
d = 0.61), and eﬀects in conscious trials were signiﬁcantly higher than
nonconscious trials (t20 =3.8, p = 0.001, Cohen’s d = 0.82).
The group-level waveforms of the pain-evoked brain responses to
identical moderate heat pain stimuli at a representative MEG sensor
(central somatosensory cortex) following diﬀerent types of face cues
(i.e., high, low, and neutral expectancy) are detailed in the Supplementary Figure S1. In the present study, we focus on the brain responses and
mechanisms during anticipation of pain other than during experience of
pain.

on behaviors and brain responses in the present study and our previous
studies (Egorova et al., 2015; Tu et al., 2018), we combined the trials
with directly and indirectly conditioned face cues and compared the
magnitudes and latencies of the three deﬂections between low and high
pain cues (Fig. 3, lower panel). Although not signiﬁcant, M170 had a
trend of higher magnitudes after high pain cues for both consciously
(p = 0.07) and unconsciously (p = 0.08) perceived trials.
3.3. Time course of decoding high and low pain cues
To determine the time course of expectancy processing between cue
onset and pain stimulus onset, we performed a time-resolved multivariate pattern analysis on the MEG signals recorded while subjects perceived supraliminal and subliminal face cues. Figs. 4A and B show the
time courses of neural decoding accuracy for consciously and unconsciously perceived face cues with wide band (0 – 100 Hz) MEG data
from all sensors. The time course of the decoding of high and low pain
cues was obtained by averaging the time courses of the four betweenexpectation pairs in the consciously perceived and unconsciously perceived trials respectively (i.e., direct high vs. direct low, direct high vs.
indirect low, indirect high vs. direct low, indirect high vs. indirect low;
see asterisks in the ﬁgure). Consciously perceived cues (high vs. low)
could be discriminated in a cluster that began at 148 ms (decoding ﬁrst
reached signiﬁcance), reached a peak at 249 ms (70.0% mean decoding accuracy), and remained signiﬁcantly above chance until 1095 ms
after cue onset (cluster-corrected sign permutation test; cluster-deﬁning
threshold p < 0.05, corrected signiﬁcance level p < 0.05).
Unconsciously perceived cues could be discriminated in a cluster that
began at 151 ms (decoding ﬁrst reached signiﬁcance), reached a peak
at 283 ms (66.7% mean decoding accuracy), and remained signiﬁcantly
above chance until 1041 ms after cue onset (cluster-corrected sign permutation test; cluster-deﬁning threshold p < 0.05, corrected signiﬁcance
level p < 0.05). Direct comparisons of two time courses showed that decoding consciously perceived cues (1) reached signiﬁcance earlier (consciously perceived cues: 95% conﬁdence interval [CI], 146 to 150 ms;
unconsciously perceived cues: 95% CI, 150 to 157 ms; p < 0.001, boot-

3.2. Brain responses after predictive cues
We recorded MEG data while participants viewed ﬁve face cues either consciously or unconsciously during the test phase. Fig. 3 shows
the group-level waveforms of the visual evoked brain responses at a representative MEG sensor (right temporal lobe) elicited by ﬁve diﬀerent
face cues. The topographies and magnitudes corresponding to the three
prominent deﬂections are included in the ﬁgure and labeled according
to their approximate peak latencies: M120, M170, and M250. We used a
two-way repeated-measures ANOVA with factors of cues (high vs. low)
and conditioning type (direct vs. indirect) to assess the diﬀerences in
amplitudes and latencies of these three major peaks for consciously and
unconsciously perceived cues, respectively. Please note that we did not
compare the consciously perceived cues to the unconsciously perceived
cues to avoid the confounding eﬀects introduced by masking in the subliminal cues.
We found a signiﬁcant eﬀect of cue (F1, 20 = 4.9, p = 0.04) on the
magnitudes of M120 after unconsciously perceived face cues, and we
did not ﬁnd any signiﬁcant eﬀects of conditioning type on the three
deﬂections. Since direct and indirect conditionings had similar eﬀects
6
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Fig. 4. Decoding consciously and unconsciously perceived high and low pain cues. A and B: Time course of decoding high and low pain cues from the average
of four between-expectation pairs (as indicated by an asterisk). Shading and dashed lines indicate signiﬁcant time clusters (cluster-corrected sign permutation test,
cluster-deﬁning threshold p < 0.05, corrected signiﬁcance level p < 0.05). The red line marks cue oﬀset (t = 500 ms). Please note that we were not able to perform
decoding across conscious and unconscious cues since the eﬀect would be driven by the masking image. C and D: Temporal generalization of decoding high and low
pain cues. The black contour indicates signiﬁcant decoding area (cluster-corrected sign permutation test, cluster-deﬁning threshold p < 0.001, corrected signiﬁcance
level p < 0.05). The white dashed line and gray solid line mark the cue onset and oﬀset times, respectively. E and F: Spatiotemporal regions in cortical sources with
signiﬁcant contribution in decoding high and low pain cues (p < 0.001 uncorrected and p < 0.05 FDR corrected). Brain responses that were greater after a low cue
than a high cue are shown in blue, while those that were greater after a high cue than a low cue are shown in red. V1: primary visual cortex, ITG: inferior temporal
gyrus, FFA: fusiform area, PCUN: precuneus, LG: lingual gyrus, ParaCL: paracentral lobule, MCC: middle cingulate cortex, THA: thalamus, dMFPC: dorsal medial
prefrontal cortex, dACC: dorsal anterior cingulate cortex, rTPJ: right temporoparietal junction, MTG: middle temporal gyrus, vMPFC: ventromedial prefrontal cortex.
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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strap testing); (2) was around 2% higher in peak decoding accuracy (p <
0.001, paired-sample t-test); (3) had signiﬁcantly higher decoding accuracy between 205 ms and 261 ms (cluster-deﬁning threshold p < 0.05,
corrected signiﬁcance level p < 0.05); and (4) maintained signiﬁcance
for around 50 ms longer (consciously perceived cues: 95% CI, 1093 to
1097 ms; unconsciously perceived cues: 95% CI, 1039 to 1044 ms; p <
0.001, bootstrap testing).
We also performed similar analyses using MEG data from diﬀerent
frequency bands and observed that the delta band (1 - 3 Hz) and theta
band (4 - 7 Hz) played a major role in decoding high and low pain cues
(Supplementary Fig. S2). This ﬁnding is compatible with previous studies indicating that percepts tend to be locked to a theta or high delta
rhythm (Melloni et al., 2007; Nakatani et al., 2014; Sitt et al., 2014).
It is possible that the MEG decoding reﬂects viewing diﬀerent faces independent of the conditioned expectancy. However, this account seems
unlikely here since (1) the signiﬁcance in decoding face perception can
reach signiﬁcance as fast as about 50 ms (Dobs et al., 2019), and (2) the
face cues with the same expectation level (e.g., direct high vs. indirect
high) could not be distinguished by the MEG data (Supplementary Fig.
S3).
To explore the possible eﬀect of conditioning type on time-resolved
decoding, we demonstrated the time courses of decoding (1) direct high
vs. direct low and (2) indirect high vs. indirect low for consciously and
unconsciously perceived cues, respectively (Supplementary Fig. S4). Results showed that the method of conditioning did not signiﬁcantly affect decoding performance (i.e., time windows with decoding signiﬁcance, decoding accuracies) for both conscious and unconscious trials.
Together with our previous study, which showed that direct and indirect
conditioning had both shared and distinct modulatory eﬀects on brain
networks before and after conditioning (Tu et al., 2018), we believe that
once expectations have been learned and stored through conditioning,
the resolving process may be similar for direct and indirectly perceived
expectations.
In addition, we also tested the time-resolved decoding between conditioned cues and neutral cue (Supplementary Figure S4). For consciously perceived cues, the decoding between high and neutral cues
was not signiﬁcantly diﬀerent than that between low and neutral cues.
However, the decoding accuracies were signiﬁcantly higher when discriminating unconsciously perceived high and neutral cues than when
discriminating unconsciously perceived low and neutral cues. This ﬁnding is consistent with behavioral placebo/nocebo eﬀects, showing that
the discrimination of unconsciously perceived high and low cues may
be driven by the diﬀerence of high and neutral cues.

sciously cues (Fig. 4D) showed an early diagonal pattern (from 160 ms
to 250 ms), then broadened considerably to a sustained pattern (from
250 ms to 600 ms), and ﬁnally switched back to a diagonal pattern (from
600 ms to 1000 ms). The temporal generalization results for diﬀerent
frequency bands are provided in Supplementary Fig. S6.
Taken together, decoding consciously and unconsciously perceived
low and high pain cues had both shared and distinct neutral dynamics.
The neural patterns related to decoding consciously perceived cues were
predominately sustained and generalized well during cue presentation
but lacked generalization after the cue. In contrast, the patterns related
to decoding unconsciously perceived expectancy changed rapidly during
the early processing of a face cue and showed a shorter sustained period
of being above chance level after the cue.
3.5. Spatiotemporal patterns of decoding high and low pain cues
Fig. 4E shows spatiotemporal patterns that signiﬁcantly contributed
to the decoding of consciously perceived high and low pain cues. During cue presentation, we selected three key time points based on the
time course of decoding accuracy in Fig. 4A: the onset of signiﬁcance
(t1c = 148 ms) and two peaks (t2c = 249 and t3c = 385 ms). We observed multiple signiﬁcant clusters (for which the brain responses were
larger after a low cue than a high cue; shown in blue in Fig. 4E) during
early visual processing (t1c and t2c ), including the primary visual cortex (i.e., calcarine sulcus and cuneus), inferior temporal gyrus, fusiform
gyrus, precuneus, and lingual gyrus. The signiﬁcant clusters were found
in the primary visual cortex as well as the thalamus, paracentral lobule
(ParaCL), and middle cingulate cortex in the late stage (t3c ). After cue
presentation (600 – 1000 ms), we observed a consistent distribution of
signiﬁcant patterns (for which the brain responses were larger after a
high cue than after a low cue; shown in red in Fig. 4E) in the dorsal medial prefrontal cortex (dMPFC). This pattern was also observed in the
last time point when the decoding was signiﬁcant (t4c = 1095 ms), with
another signiﬁcant cluster with positive responses in the dorsal anterior
cingulate cortex (dACC).
Fig. 4F shows the spatiotemporal patterns for decoding unconsciously perceived high and low pain cues. During cue presentation, we
again selected three time points according to Fig. 4B (t1u = 151 ms,
t2u = 283 ms, t3u = 434 ms). We found similar patterns as in the case of
consciously perceived trials in the primary visual cortex and precuneus
in the early stage (t1u and t2u ) and ParaCL in the late stage (t3u ), as well
as distinct clusters in the right temporoparietal junction (rTPJ) and middle temporal gyrus (MTG) at t2u . Interestingly, we also found signiﬁcant
contributions that were larger after a high cue than after a low cue from
the dMPFC after unconscious cue presentation and from the dACC at the
last time point with signiﬁcance in decoding (t4u = 1041 ms).

3.4. Temporal generalization of decoding high and low pain cues
To test how persistent the neural responses are in distinguishing
face cues, and thereby to shed light on the temporal organization of
expectancy-processing stages (King and Dehaene, 2014), we performed
a temporal generalization analysis (Cichy et al., 2014; Pantazis et al.,
2018). Fig. 4C and D show the 2-dimensional decoding matrices with
the x-axis indexed by training time and the y-axis indexed by testing
time for consciously and unconsciously perceived cues, respectively.
Overall, the classiﬁer generalized best to neighboring time points
and performed poorly for distant time points. This is illustrated by the
highest decoding accuracy along the diagonal and the drop in accuracy
away from the diagonal in Fig. 4C and D. We found two main stages for
decoding consciously perceived cues (Fig. 4C). First, the signiﬁcance
map (cluster-corrected sign permutation test, cluster-deﬁning threshold p < 0.001, corrected signiﬁcance level p < 0.05) formed a square
pattern, which indicates a sustained neural activity for decoding, from
~150 ms to the oﬀset of cue presentation at 500 ms, and extended to
~600 ms. Second, the signiﬁcance map switched to a diagonal pattern
with a lack of generalization, which suggests transient neural activities
and continuous processing of expectancy after cue presentation, from
~600 to ~1100 ms. In contrast, the signiﬁcance map of decoding uncon-

3.6. Brain responses mediate cue-based expectancy of pain
To associate the expectancy-modulated brain responses with pain
perception, we correlated the spatiotemporal neural activities identiﬁed in Fig. 4E and F with corresponding self-reported pain intensities at single-trial level for each subject. After consciously perceived
cues (Fig. 5A), we only found that brain responses in the dACC at t4c
(1095 ms) were signiﬁcantly positively correlated with pain intensities
(r = 0.26 ± 0.19, mean ± SD; p < 0.001), indicating that a stronger brain
response in the dACC during the pain anticipation period was associated
with a higher perceived pain intensity during the pain experience period. To assess the mediatory role of these spatiotemporal dynamics on
the relationship between cue and pain perception, we performed a bootstrapped mediation analysis and found that the dACC at t4c signiﬁcantly
mediated cue-based expectancy of pain intensities (path a = 0.24, p <
0.05; path b = 0.40, p < 0.01; direct eﬀect = 0.58, p < 0.001; indirect
eﬀect = 0.09, 95% CI: 0.0005 – 0.2354; Fig. 5B). This result suggests
that individuals who had larger cue eﬀects on the dACC also had larger
cue eﬀects on pain.
8
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Fig. 5. Associations between spatiotemporal dynamics and pain. A. After consciously perceived cues, brain responses in the dorsal anterior cingulate cortex
(dACC) at 1095 ms were positively correlated with pain intensities (normalized across subjects). Each colored line indicates an individual subject. B. At single-subject
level, consciously perceived cue-based expectancy on pain intensities was mediated by brain responses in the dACC at 1095 ms. ∗ : p < 0.05, ∗ ∗ : p < 0.01, ∗ ∗ ∗ : p < 0.001.
C. After unconsciously perceived cues, brain responses in the dorsal anterior cingulate cortex (dACC) at 1041 ms were positively correlated with pain intensities
(normalized across subjects). Each colored line indicates an individual subject. D and E. Predicting pain levels (high vs. low) using anticipatory MEG. Shading and
dashed lines indicate signiﬁcant prediction cluster (cluster-corrected sign permutation test, cluster-deﬁning threshold p < 0.05, corrected signiﬁcance level p < 0.05).
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

After unconsciously perceived cues (Fig. 5C), we also found similar results, i.e., we only found that brain responses at the dACC
at t4u (1037 ms) were positively correlated with pain intensities
(r = 0.14 ± 0.23, p = 0.01). We did not perform mediation analysis
since the total eﬀect between unconsciously perceived cues and pain
intensities was not signiﬁcant.
As shown in Fig. 5D and E, the pain levels could be predicted after
~170 ms for both consciously and unconsciously perceived cues and
maintained predictability prior to the pain stimulus (up to 1476 ms)
for the consciously perceived cues (cluster-corrected sign permutation
test, cluster-deﬁning threshold p < 0.05, corrected signiﬁcance level p
< 0.05) but not for the unconsciously perceived cues (up to 1063 ms).

perceived cues had rapidly changing patterns of neural activity during
the early processing of cues but later followed similar generalization
patterns as those in the consciously perceived cues. Third, source localization traced brain regions underlying the decoding of high and low
pain cues. While decoding consciously perceived cues beneﬁted from a
series of additional time-restricted brain regions during cue presentation, the decoding relied on the dMPFC and dACC after cue presentation for both consciously and unconsciously perceived cues. Finally, the
within-subject conditioned pain-related responses could be predicted by
the anticipatory MEG after 170 ms of cue onset and maintained predictability prior to the pain stimulus for the consciously perceived trials
only.

4. Discussion

4.1. Cue-based expectation modulates pain perception

In this study, we combined a visual conditioning paradigm and MEG
to investigate how expectations of pain elicited by consciously and unconsciously perceived cues unfold over time. First, we found that high
and low pain cues could be accurately decoded from MEG, whether
or not the visual cue was perceived with consciousness but diﬀered
in time. Second, neural dynamics associated with decoding consciously
perceived cues were predominately sustained during cue presentation
but transient after cue presentation. In contrast, decoding unconsciously

Using a conditioning model and cue-based manipulations of stimulus expectancy, previous studies have revealed that short-term expectations that vary as a function of cue could be conditioned by both selfexperience (Atlas et al., 2010; Shih et al., 2019; Tu et al., 2020) and
social observation (Colloca and Benedetti, 2009; Hunter et al., 2014;
Schenk and Colloca, 2020; Tu et al., 2018). These expectations have
strong eﬀects on pain perception and pain-evoked responses. Consistent
with these studies, our results showed that cue-based expectancy modu9
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lated perceived intensity to pain. In addition, as supported by previous
studies (Jensen et al., 2015, 2012), we found that perceived pain intensities following unconsciously perceived high pain cues were signiﬁcantly
higher than those following low pain cues (p = 0.03). These ﬁndings
could thereby translate the investigation of unconscious eﬀects to the
clinical realm by suggesting that health-related responses can be triggered by cues that are not consciously perceived in a variety of medical
problems (e.g., pain, asthma, depression, and irritable bowel syndrome)
(Kaptchuk et al., 2008; Moncrieﬀ and Kirsch, 2005; Wechsler et al.,
2011). It is worth mentioning that we were not able to verify whether
expectations were being processed consciously or unconsciously. In case
of over-interpretation, we termed our ﬁndings as expectations elicited
by consciously and unconsciously perceived cues.
Although behavioral results suggest that both consciously and unconsciously perceived cues can modulate subsequent pain perception, the underlying neural mechanisms remain poorly understood.
Previous neuroimaging studies have focused on investigating the
expectancy-modulated brain responses during pain (Atlas et al., 2010;
Freeman et al., 2015; Wager et al., 2007). One study by Wager and
colleagues provided evidence that the prefrontal cortices (e.g., dorsal medial prefrontal cortex, orbitofrontal cortex) have been involved
in the processing of conditioned expectancy during pain anticipation
(Wager et al., 2004). A later study showed that cue-evoked anticipatory
activity in the medial orbitofrontal cortex and ventral striatum mediated cue eﬀects on pain-evoked brain responses (Atlas et al., 2010). Our
work goes beyond previous ﬁndings in two important respects. First,
we provided direct evidence of how cue-based expectancy resolves over
time. Second, we showed distinct spatiotemporal dynamics for expectations elicited by consciously and unconsciously perceived cues. In the
following, we will discuss these in more detail.

ral activities reﬂecting the hierarchical processing and evaluation of
expectancy (King and Dehaene, 2014). In this stage, the neural activity ﬁnally reached the frontal cortices (primarily the dMPFC) and prepared the ‘brain state’ for the upcoming pain stimulus (Boly et al., 2007;
Buzsaki, 2006; Tu et al., 2016).
4.3. Neural dynamics for expectations elicited by consciously and
unconsciously perceived cues
The human brain can process sensory information before it reaches
conscious awareness (Dehaene and Changeux, 2011; Pessiglione et al.,
2008, 2007). Therefore, conditioned expectancy elicited by the
subliminally-presented cues can mediate unconscious eﬀects on pain
perception. Our previous study using fMRI revealed that positive expectancy of pain was associated with increased activation of the OFC,
while negative expectancy of pain was associated with increased activation of the thalamus, amygdala, and hippocampus during the experience of pain (Jensen et al., 2015). The present study, notably, presented
both distinct and shared neural dynamics at the milliseconds level for
the processing of expectations elicited by consciously and unconsciously
perceived cues during pain anticipation.
First, we noticed that decoding unconsciously perceived high and
low pain cues reached signiﬁcance more slowly, had lower decoding
accuracy, and decayed faster than decoding consciously perceived cues.
This ﬁnding is consistent with previous studies showing that both decoding and behavioral performance are typically higher for conscious
percept given the depth of processing (Dehaene and Changeux, 2011;
King et al., 2016; Lau and Passingham, 2006; Salti et al., 2015), and suggests that the human brain may need more time to extract expectancy
from unconsciously perceived cues, may have weaker eﬀect for the discrimination of high and low pain expectations, and shorter time to maintain the information.
Second, we found that diﬀerent neural processes may follow consciously and unconsciously perceived cues, especially during the presentation of the stimuli. Similar to the ﬁndings in Salti et al., 2015,
although the processing of cue-based expectation followed a hierarchical network – that is, neural dynamics moved from the primary visual
cortex to higher visual regions and ﬁnally reached the parietal cortices
during cue onset – we found that the processing of consciously perceived
cues recruited additional brain regions (e.g., fusiform, thalamus, middle cingulate cortex), each restricted in time. Given that conscious perception produced more extensive and structured brain activity for processing expectation, it may explain why conscious eﬀects were stronger
than unconscious eﬀects for both decoding performance and behavior
responses.
Third, after cue presentation, we found that the processing of consciously and unconsciously perceived cues may follow a similar pattern
of neural dynamics in the dMFPC. The dMFPC is an important node
in the neural circuit which subserves the perception of negative emotional cues and the arousal components of feeling negative emotions
(Kober et al., 2008). Although the spatiotemporal patterns of the decoding activities were consistently observed in dMPFC after 600 ms,
the expectation were hierarchically but not sustainably processed (as
reﬂected by the lack of temporal generalization). Neural dynamics ﬁnally reached the dACC to mediate the conscious expectancy eﬀects on
subsequent pain perception, which is compatible with a previous fMRI
study showing that the dACC is a mediator of predictive cue eﬀects on
perceived pain (Atlas et al., 2010). Although we did not ﬁnd signiﬁcant
mediation for unconscious eﬀects, which may be due to the fact that the
total unconscious eﬀect was not signiﬁcant, neural activity in the dACC
was also correlated with perceived pain. In addition, these results suggest that expectations could modulate neural dynamics in the salience
network (e.g., dACC) and the default mode network (e.g., dMPFC), and
consequently modulate pain perception. The association between expectation ﬂuctuation and pain variability may also be encoded in the dynamic pain connectome which may reﬂect pain variability encoded in

4.2. Decoding face cue-based expectancy over time
While a few prior studies have investigated the time course of face
perception using MEG and machine learning techniques (Cichy et al.,
2014; Dobs et al., 2019; Vida et al., 2017), they have mainly focused
on the decoding of diﬀerent facial dimensions (e.g., identity, age, gender). Our study, for the ﬁrst time, extended brain decoding to the information (i.e., expectancy) encoded in face cues. Decoding expectation
requires additional brain resources and is inevitably slower than decoding facial dimensions. For example, one recent study showed that individual faces could be discriminated by visual representations as early as
~50 ms, and while diﬀerent facial dimensions follow coarse-to-ﬁne processing (Besson et al., 2017), they were signiﬁcantly decoded no later
than 100 ms after stimulus onset (Dobs et al., 2019). Therefore, our results suggest that face cue-based expectancy could have been decoded
(~150 ms) after the basic facial dimensions were identiﬁed. On the other
hand, our decoding remained signiﬁcantly above chance until ~1100
after cue onset. Although previous studies have shown that brain signals prior to pain stimuli would modulate subsequent pain perception
(Tu et al., 2016), we found that the expectancy was not decodable within
1100 –, 1500 ms after cue onset (i.e., −400 – 0 ms before pain stimulus
onset). This may be due to the fact that, in this time window, expectancy
could not be detected by sensor-level MEG or stored as another format
(e.g., memory) in the brain.
The temporal generalization matrices, appearing as a short diagonal pattern at the initial decoding stage (~150 – 250 ms), and our
source analyses suggest that a fast sequence of neural responses propagated from the primary visual cortex to visual association regions. This
is similar to the results of a number of previous studies (Cichy et al.,
2014; King and Dehaene, 2014; Salti et al., 2015). The matrices then
broadened considerably to a squared pattern during the cue presentation, indicating sustained neural activity in parietal and sensorimotor
areas that are generalized well for decoding (King and Dehaene, 2014).
Following the oﬀset of the cue, the temporal generalization matrices
switched back to a diagonal pattern. This suggests a sequence of neu10
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