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Abstract 

Neural activity varies dramatically across time. While such neural variability has been 

associated with cognition, its relationship with pain remains largely unexplored. Here, 

we systematically investigated the relationship between neural variability and pain, 

particularly individual differences in pain intensity discriminability, in six large electro-

encephalography (EEG) datasets (total N = 633), where healthy volunteers (Datasets 

1–5; N = 606) and postherpetic neuralgia patients (Dataset 6; N = 27) received painful 

or nonpainful sensory stimuli. We found robust correlations between neural variability 

and interindividual pain intensity discriminability. These correlations were replicable 

in multiple datasets and seemed not to be caused by stimulus-general factors, as no 

significant correlations were observed in nonpain modalities. Importantly, variability 

and amplitude of EEG responses were mutually independent and had distinct tempo-

ral and oscillatory profiles in encoding pain intensity discriminability. These findings 

demonstrate that neural variability is a replicable and potentially preferential indica-

tor of individual differences in pain intensity discriminability, thereby enhancing the 

understanding of neural encoding of pain intensity discriminability and underscoring 

the value of neural variability in pain studies.

Introduction

Almost all pain studies characterize nociceptive-evoked neural activity in terms of its 
amplitude. For example, the most common electroencephalography (EEG) metrics 
involve the amplitude of nociceptive-evoked potentials, such as the N2 and P2 com-
ponents [1–5]. Although this approach has remarkably advanced our understanding 
of pain processing, it overlooks another critical aspect of neural activity: its variability. 
Importantly, neural variability has been increasingly recognized as having a functional 
role in some fields, such as sensory discrimination, perception, and memory [6–8]. 
A positive correlation has been found between increased variability in functional 
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magnetic resonance imaging (fMRI) signals within the human motion complex and 
enhanced discrimination of visual motion direction [9]. In addition, neural variability in 
EEG signals has also been associated with interindividual differences in reaction time 
during face-recognition tasks [10]. Thus, neural variability may provide new insights 
into how the brain represents pain information beyond the traditional amplitude-based 
approach.

Previous amplitude-based research has greatly contributed to revealing the neural 
encoding of pain [11–14]. Pain variations at intraindividual and interindividual levels 
have been associated with the amplitudes of N2, P2, and gamma-band oscillations 
[3,15–18]. However, EEG responses often correlate with perceptual variation in 
nonpain sensory modalities as well [15,19]. Interestingly, interindividual pain intensity 
discriminability, the ability to distinguish the intensity between two or more painful 
stimuli, appears to be preferentially encoded by the amplitude of event-related poten-
tials (ERPs). No reliable correlations have been found between individual differences 
in intensity discriminability and ERPs in nonpain modalities [20,21]. This potential 
preferential encoding is particularly noteworthy since pain intensity discriminability 
appears clinically relevant. Some small studies have observed impaired pain intensity 
discriminability in patients with chronic pain [22,23] and sickle cell disease [24], and 
better pain intensity discriminability predicted the effect of pain treatment [25,26]. 
Some studies have shown that tactile discrimination training could reduce cortical 
reorganization and pain symptoms in chronic pain patients [27–29], suggesting a 
potential link between discrimination ability and chronic pain. In reality, however, pain 
intensity discriminability remains relatively underexplored [15,16,21,30,31].

In contrast to the amplitude-based approach, few, if any, studies have system-
atically examined how neural variability contributes to the neural encoding of pain, 
particularly individual differences in pain intensity discriminability. Many fundamental 
questions remain unanswered. First, it is unclear whether neural variability reliably 
reflects pain. Currently, only a handful of studies have indirectly associated neural 
variability with pain, such as with temporal summation of pain [32,33]. The relation-
ship between neural variability and pain, particularly pain intensity discriminability, 
thus remains largely unknown. The replicability of the association also needs to be 
tested, especially when the replication crisis has called into question even classi-
cal findings in biological sciences [34–37]. Second, it is unclear whether and how 
the role of neural variability in encoding pain intensity discriminability differs from 
that of the amplitude of neural activity. Given the association between ERP ampli-
tude and pain intensity discriminability [21], this question is key to establishing the 
independent role of neural variability as an indicator of pain intensity discriminability, 
above and beyond the amplitude of neural activity. Third, it has yet to be determined 
whether the association between neural variability and pain intensity discrimination 
is caused by sensory stimulus-general factors. Stimulus-general confounders such 
as salience have been shown to contribute to the relationship between ERP ampli-
tude and pain [19,38,39].

To address these questions, we systematically examined the relationship between 
neural variability and pain, with a particular focus on individual differences in pain 
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intensity discriminability, using six large EEG datasets (total N = 633; see Fig 1). Datasets 1–5 included healthy volunteers 
exposed to painful laser stimuli and nonpainful tactile, auditory, and visual stimuli of varying intensities, while Dataset 6 
included chronic pain patients receiving painful laser stimuli. We focused on ERPs because pain-preferential gamma-band 
oscillations normally have lower signal-to-noise ratio than ERP components like N2 and P2 [40,41]. Moreover, different 
from ERP amplitude, event-related spectral perturbations such as α oscillations did not show reliable associations with 
pain intensity discriminability in previous studies [21]. Although our main focus was on individual differences in pain inten-
sity discriminability, we also explored the relationship between neural variability and intraindividual pain intensity percep-
tion and interindividual pain intensity sensitivity.

Results

Neural variability reliably encodes pain intensity discriminability independent of amplitude

We mainly employed temporal standard deviation (SD) calculated with 100-ms sliding windows as the primary metric for 
neural variability in this study (Fig 1C) and verified the robustness of our findings with windows of other lengths. Here, 
individual differences in pain intensity discriminability were operationalized as differences in mean subjective ratings 
between low- and high-intensity stimuli. For example, if one person rates two painful stimuli as 3 and 5 on average on a 
0 ~ 10 rating scale, their pain intensity discriminability is quantified as 5 – 3 = 2. Essentially, this quantity is the slope of the 
psychophysical function given two fixed and medium physical intensities. Individuals who have better intensity discrimin-
ability will have a steeper psychophysical function and thus larger rating differences (S1 Fig). Traditionally, just-noticeable 
difference (JND) is used to measure sensory discrimination rather than rating differences. JND and rating differences are 
conceptually related. The former holds constant pain sensation and uses the difference in stimulus intensities to quantify 
the ability of individuals to discriminate between them. On the other hand, rating differences fix stimulus intensities and 
quantify pain discriminability with the difference in subjective pain ratings between the two stimuli. Fixing physical intensi-
ties has two practical advantages: it is easier to fix stimulus intensity than subjective perception, and the limited precision 
of nociceptive laser stimuli (e.g., 0.25J step size in laser stimulators) can make JND measurements less reliable. More-
over, we validated our findings with another discriminability measure, signal detection theory-derived area under the curve 
(AUC), which could better control nonsensory factors such as internal rating scales.

In Dataset 1, pain stimuli with higher intensity evoked greater variability in EEG responses, particularly over the cen-
tral region of the brain (Fig 2A). Additionally, pain ratings were higher in the high-intensity condition than the low-intensity 
condition (t(140) = 17.08, P < 0.0001, Cohen’s d = 1.44). To determine the relationship between neural variability and pain 
intensity discriminability (quantified as the difference of pain ratings), we then correlated them at every time point at Cz 
and adjusted P values with false discovery rate (FDR) correction. Significant correlations were identified (i.e., time points 
with gray-shaded bars) across participants between neural variability difference (i.e., temporal SD difference, ΔSD) in the 
high- and low-intensity conditions and pain intensity discriminability in Datasets 1 (Fig 2B). This observation also received 
strong support from Bayesian statistics (reddish bars in Fig 2B) and region-of-interest analyses (±10 ms centered at the 
peak: r = 0.43, P = 1.16 × 10−7, Bayes factor [BF] = 8.05 × 104; Fig 2D).

Statistically speaking, SD is inherently correlated with mean values, which was verified in Dataset 1 (S2B Fig). A pre-
vious study has shown that mean ERP amplitude differences between high- and low-intensity conditions also correlate 
with pain intensity discriminability [21], which was confirmed here by applying a 100-ms sliding window analysis to the 
ERP waveforms (S2C and S2D Fig). ERP amplitude, thus, could potentially confound the relationship between neural 
variability and pain intensity discriminability described above. To rule out this possibility, we conducted control analyses. 
First, we performed point-by-point partial correlations between ΔSD and pain intensity discriminability controlling for the 
mean amplitude difference (ΔAmplitude). Significant partial correlations between ΔSD and pain intensity discriminability 
were observed (Fig 2C and 2D; partial r around the peak = 0.45, P = 2.23 × 10−8, BF = 6.16 × 105). Notably, the time points 
showing significant partial correlations nearly perfectly overlapped with those showing simple correlations. Interestingly, 
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Fig 1.  Study overview, experimental procedures, and neural variability. (A) Overview of the study. Participants in Datasets 1–5 were healthy volun-
teers (HV), whereas participants in Dataset 6 were chronic pain patients with postherpetic neuralgia (PHN). (B) Experimental procedures. All participants 
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Fig 2.  Neural variability reliably correlated with pain intensity discriminability. (A) Neural variability assessed by a variance-based measure, 
temporal SD of EEG responses evoked by high-intensity (violet) and low-intensity (gold) stimuli in Dataset 1 (N = 141), Dataset 2 (N = 111), and Dataset 3 
(N = 114), respectively. (B) Point-by-point correlations between neural variability differences (high − low, ∆SD) and rating differences (high − low, ∆Rating) 
in the three datasets. (C) Point-by-point partial correlations between ∆SD and ∆Rating while controlling for amplitude differences (high − low, ∆amplitude). 
The light-colored “bursty” curve represents the subject-averaged residuals of ∆SD after regressing out ∆amplitude at each time point. (D) Correlations 
and partial correlations between values around the peak of neural variability (±10 ms) and ∆Rating. Partial correlations were calculated while controlling 
for ∆amplitude. Note that the gray bars represent Pearson’s r values at time points where significant correlations were observed after FDR correction. 
The color bars underneath display the corresponding Bayes factor values for the correlations. Error bars in D are 95% confidence intervals. The data 
underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g002

in Datasets 1–3 received a total of 120 stimuli across four sensory modalities (pain, touch, audition, and vision) presented in a pseudo-random order in 
three blocks. After each stimulus, participants rated the perceived intensity using a numerical rating scale (NRS), which ranged from 0 (no sensation) 
to 10 (the strongest imaginable sensation). Participants in Datasets 4–6 received painful laser stimuli at multiple levels of intensity in a pseudo-random 
order. For each intensity, 10 pulses were delivered. After each stimulus, participants rated the perceived intensity using the NRS. (C) Calculation of 
temporal SD as a measure of neural variability. Temporal SD was derived from windowed EEG responses evoked by each stimulus. A series of 100 ms 
sliding windows with a 1 ms step was employed. SD difference (∆SD) was then calculated by subtracting the trial-averaged SD in the low-intensity con-
dition from that in the high-intensity condition. Correlation analyses were conducted to evaluate the relationship between neural variability and sensory 
intensity discriminability.

https://doi.org/10.1371/journal.pbio.3003470.g001
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amplitude correlated with pain intensity discriminability at time points near N2 and P2 peaks after accounting for neural 
variability as well (S2E and S2F Fig), suggesting that neural variability and amplitude were mutually independent in 
their role in representing pain intensity discriminability. Second, we repeated the foregoing correlation analysis with an 
information theory-based measure of neural variability: permutation entropy (PE). PE quantifies the complexity of a time 
series by evaluating the ordinal relations between values in the time series rather than their absolute numerical values 
[42], and is thus less affected by amplitude and noise such as transient high-amplitude bursts. Significant correlations 
were again observed between PE difference (ΔPE) and pain intensity discriminability (S3 Fig). As a third control anal-
ysis, we subtracted trial-averaged ERPs from each trial before calculating temporal SD, that is, analyzing induced 
responses [43]. Still, significant correlations were observed between the neural variability difference (assessed by tem-
poral SD and PE) of the induced responses and pain intensity discriminability in Dataset 1 (S4 Fig). Altogether, these 
findings lend strong support to the statement that neural variability encodes pain intensity discriminability independent 
of amplitude.

To test the robustness of our findings, we conducted further sensitivity analyses examining the influence of metrics for 
pain intensity discriminability and varying window sizes for computing neural variability. Instead of simple differences in 
pain ratings, we quantified pain intensity discriminability with the AUC derived from signal detection theory (SDT; for an 
elaborate explanation of AUC, please refer to [21]). This metric is less affected by internal rating bias and can help better 
address the possible influence of internal scaling of pain intensity on our findings. AUC-based pain intensity discriminabil-
ity yielded highly similar results as the difference-based discriminability metric (S5 Fig), suggesting that rating bias has 
no substantial effect on our findings. We then calculated neural variability using alternative time window sizes of 50 and 
200 ms. Our results remained consistent: pain intensity discriminability correlated with neural variability regardless of the 
window sizes (see S6 Fig). These findings provide evidence for the robustness of neural variability as an indicator of pain 
intensity discriminability.

Single-trial SD is especially susceptible to noise such as transient high-amplitude bursts and the signal-to-noise ratio 
could differ in high- and low-intensity conditions. To examine the effect of noise, we conducted two additional analyses. 
First, we computed SD using the trial-averaged EEG data, which are inherently less noisy than single-trial data and 
residual noise after preprocessing would be largely averaged out. Similar results to those from single-trial-based SD were 
obtained (S7 Fig). Furthermore, we manually added various levels of noise to single-trial EEG data during the post- 
stimulus period. Briefly, we sampled noise data from single-trial EEG data during the baseline period, multiplied the noise 
by a factor (referred to as “noise scale”), and added the resulting noise into post-stimulus EEG traces (see Noise simu-
lation analysis in Methods for more details). Introducing additional noise to the low- or high-intensity conditions dramati-
cally altered neural variability as measured by SD (S8A and S8C Fig). Nonetheless, noise seemed to have no substantial 
effects on partial correlations between pain intensity discriminability and neural variability while controlling for EEG ampli-
tude differences (S8B and S8D Fig). Only when an excessive amount of noise (noise scale = 2) was added to the high- 
intensity condition did we receive no support for the partial correlation. It is noteworthy that this level of noise is  
implausible in real EEG signals after preprocessing. Furthermore, adding noise to the high- and low-intensity conditions 
simultaneously also yielded similar results (S7E and S7F Fig). Altogether, these simulation analyses suggest our findings 
are not artifacts caused by noise differences between intensity conditions.

To assess the replicability of our findings, we then examined the relationship between neural variability and pain inten-
sity discriminability in two independent datasets. Positive correlations at the vertex of the scalp were also observed in both 
Datasets 2 and 3 (Fig 2B). Additionally, ΔSD around the peak exhibited significant correlations with pain intensity discrim-
inability in both datasets (Dataset 2: r = 0.34, P = 2.67 × 10−4, BF = 56.16; Dataset 3: r = 0.41, P = 6.88 × 10−6, BF = 158.94; Fig 
2D). Further analyses once again confirmed that ERP amplitude did not explain the correlations between neural variability 
and pain intensity discriminability in Datasets 2 and 3 (partial correlation in Fig 2C and 2D). Collectively, these findings 
underscore the replicability and reliability of neural variability as an independent indicator of pain intensity discriminability.
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Neural variability encodes pain intensity discriminability earlier and more efficiently than amplitude with distinct 
oscillatory profiles

Given that both neural variability and ERP amplitude have the capability to encode pain intensity discriminability, a key ques-
tion emerges: how do they differ? To address this question, we first conducted dominance analysis to separate the relative 
contribution of neural variability and ERP amplitude to pain intensity discriminability. Dominance analysis is a method that 
decomposes the total determination coefficient (R2) of a multiple regression model into unique R2 (or “total dominance” in 
dominance analysis’s terminology) contributed by each predictor [44,45]. We performed dominance analysis at each time 
point to evaluate the total dominance of neural variability and ERP amplitude. In Dataset 1, the full model with both SD and 
mean amplitude as predictors exhibited two peaks at around 200 and 400 ms, roughly corresponding to the N2 and P2 com-
ponents of ERPs (Fig 3A). Neural variability played a greater role in the rising phase of the first peak, while ERP amplitude 
predominantly contributed to the second peak. Similar patterns could also be observed in Datasets 2 and 3. These findings 
suggest that neural variability and ERP amplitude differ in the time course of their encoding pain intensity discriminability. 
Specifically, neural variability plays a role equal to or greater than amplitude in encoding pain intensity discriminability around 
100–300 ms after stimulus onset, while ERP amplitude plays more important roles about 300–500 ms after stimulus onset.

To further characterize the differences between neural variability and ERP amplitude, we applied a resampling 
approach to explore whether subject numbers influence the probability of detecting significant correlations between SD 
or mean amplitude and pain intensity discriminability in Datasets 1–3 (see Methods for resampling details). We found no 
clear evidence that either neural variability or ERP amplitude requires a smaller number of subjects to exhibit their cor-
relations with pain intensity discriminability with 80% power (Fig 3B). Interestingly, we observed a difference in the time 
windows when comparing required subject numbers using SD and mean amplitude. Specifically, with the same subject 
number, the correlations between SD and pain intensity discriminability could be detected earlier than those between 
mean amplitude and pain intensity discriminability. These results further confirmed that neural variability encodes pain 
intensity discriminability earlier than mean amplitude.

Neural variability can be computed at the single-trial level, but ERP amplitude is generally calculated by averaging 
multiple trials. We thus hypothesized that another difference between neural variability and ERP amplitude is that 
neural variability may require a smaller number of trials to exhibit correlations with pain intensity discriminability. To 
test this hypothesis, we applied the resampling approach to evaluate the influence of trial numbers on the probability 
of detecting significant correlations between neural variability or ERP amplitude and pain intensity discriminability. 
The trial number that could yield a significant correlation between SD and pain intensity discriminability with 80% 
power was  ~4 in the three datasets (Fig 3C, upper panels). In contrast, using ERP amplitude as an indicator of pain 
intensity discriminability required more trials (~7) to meet the same criteria in the three datasets (Fig 3C, lower pan-
els). Therefore, neural variability encodes pain intensity discriminability more efficiently than amplitude.

To reveal the oscillatory profiles of neural variability and ERP amplitude, we band-pass filtered single-trial EEG signals 
according to the classical frequency bands (i.e., δ, θ, α, and β) and conducted partial correlation analysis. ERP-like deflec-
tions could be found only in the delta and theta frequency bands (Fig 4). Consistent with this observation, after controlling for 
neural variability, we only observed significant correlations between amplitude and pain intensity discriminability in the delta 
and theta frequency bands, but not in the alpha and beta frequency bands. In contrast, the partial correlations between neu-
ral variability and pain intensity discriminability after regressing out amplitude were present in all four frequency bands, even 
in frequencies without ERP responses (Fig 4). These findings were replicated in all three datasets (S9 Fig), suggesting that 
neural variability and ERP amplitude had different oscillatory profiles in encoding pain intensity discriminability.

Neural variability potentially preferentially encodes pain intensity discriminability

After establishing the independence and replicability of the association between neural variability and pain inten-
sity discriminability, we proceeded to investigate whether this reflects stimulus-general factors or could be potentially 
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Fig 3.  Comparisons of neural variability and ERP amplitude for encoding pain intensity discriminability. (A) Relative contributions of neural 
variability and ERP amplitude in Datasets 1–3. SD and ERP amplitude exhibited different contributions to pain intensity discriminability over time, 
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pain-preferential. Note that participants in Datasets 2 and 3 were recruited on a rolling basis and assigned to either Data-
set 2 or Dataset 3 based on their pain sensitivity, which was assessed during the calibration phase. We thus combined 
these two datasets (denoted as Datasets 2&3) in the analyses of nonpain modality data. We found no reliable evidence 
for correlations between neural variability and discriminability in the tactile, auditory, or visual modalities. In Dataset 1, 
significant but weak correlations were observed only in the condition involving tactile stimuli within 35–180 ms, which 
were before the peak of ΔSD wave (see S10 Fig). However, no significant correlations were observed between the peak 
values of ΔSD and sensory discriminability after controlling for the mean amplitude of sensory ERPs: (1) touch: partial 
r = 0.13, P = 0.14, BF = 0.31; (2) audition: partial r = 0.14, P = 0.09, BF = 0.42; (3) vision: partial r = 0.05, P = 0.59, BF = 0.12 
(Fig 5A–5C). Direct comparisons between pain and nonpain modalities confirmed that neural variability correlated more 
with pain intensity discriminability than nonpain intensity discriminability: (1) pain versus touch: z = 2.95, P = 0.003; (2) pain 
versus audition: z = 2.91, P = 0.004; (3) pain versus vision: z = 3.68, P = 0.0002. These results were replicated in Datasets 
2&3. There was evidence against correlations between neural variability and sensory discriminability in nonpain modali-
ties: (1) touch: partial r = 0.06, P = 0.35, BF = 0.13; (2) audition: partial r = 0.09, P = 0.20, BF = 0.19; (3) vision: partial r = 0.09, 
P = 0.18, BF = 0.21 (Fig 5D–5F). Direct comparisons between pain and nonpain modalities showed stronger correlations 
between neural variability and pain intensity discriminability: (1) pain versus touch: z = 4.12, P = 3.7 × 10−5; (2) pain versus 
audition: z = 3.96, P = 7.4 × 10−5; (3) pain versus vision: z = 3.86, P = 0.0001.

The results above offer preliminary evidence that neural variability might preferentially encode pain intensity discrimin-
ability. However, a potential confounding factor arises from the possibility that sensory discriminability, quantified as rating 
differences, could vary across modalities. Indeed, the rating disparities for painful stimuli were notably smaller compared 
to those observed for auditory and visual stimuli (e.g., paired-sample t tests in Dataset 1: pain versus audition: t(140) = 
−11.45, P = 7.97 × 10−22; pain versus vision: t(140) = −10.31, P = 6.75 × 10−19; Datasets 2&3: pain versus audition: t(224) = 
−27.90, P = 7.98 × 10−75; pain versus vision: t(224) = −14.47, P = 6.12 × 10−34). A significant difference was also observed 
between painful and tactile stimuli in Datasets 2&3 (t(224) = 6.08, P = 5.09 × 10−9). To ensure rigorous and fair compar-
isons, we implemented a rating matching procedure (see Methods for details). This approach enabled us to identify 
subgroups of participants who exhibited comparable intensity ratings across pairs of sensory modalities, specifically pain 
versus touch, pain versus audition, and pain versus vision. Through this method, Dataset 1 yielded 70 participants for 
pain-touch matching, 33 for pain-audition matching, and 58 for pain-vision matching. Within these matched subgroups, 
significant correlations between neural variability and pain intensity discriminability were consistently observed even after 
controlling for the mean amplitude of respective ERPs, while no significant correlations were found in nonpain modalities: 
(1) pain versus touch: pain, partial r = 0.49, P = 2.27 × 10−5, BF = 1.10 × 103; touch, partial r = 0.17, P = 0.17, BF = 0.36; (2) 
pain versus audition: pain, partial r = 0.40, P = 0.02, BF = 2.21; audition, partial r = 0.17, P = 0.35, BF = 0.32; (3) pain versus 
vision: pain, partial r = 0.49, P = 9.10 × 10−5, BF = 303.34; vision, partial r = −0.02, P = 0.87, BF = 0.16 (Fig 6A–6C). Direct 
comparisons showed similar findings: (1) pain versus touch: z = 2.08, P = 0.037; (2) pain versus audition: z = 0.96, P = 0.34; 
(3) pain versus vision: z = 2.93, P = 0.003. Consistent correlational findings were obtained in Datasets 2&3: (1) pain ver-
sus touch: pain, partial r = 0.54, P = 9.07 × 10−9, BF = 1.71 × 106; touch, partial r = 0.14, P = 0.16, BF = 0.33; (2) pain versus 

with the former having greater contributions around 100–300 ms after stimulus onset and the latter having greater contributions around 300–500 ms. 
Curves represent total dominance measured by determination coefficient R2. (B) The influence of the number of subjects on the probability of detecting 
significant correlations between SD or ERP amplitude and pain intensity discriminability after FDR correction in the three datasets. Color bars indicate 
the probability of detecting the correlations. The black contour represents the probability of significance that exceeds 80%. Using neural variability or 
ERP amplitude as indicators of pain intensity discriminability may require a comparable number of subjects. These results further confirmed that SD and 
amplitude exhibited different contributions to pain intensity discriminability over time. (C) The influence of the number of trials on the probability of detect-
ing significant correlations between SD or amplitude and pain intensity discriminability after FDR correction in the three datasets. Using neural variability 
as an indicator of pain intensity discriminability requires fewer trials than using ERP amplitude. The data underlying this Figure can be found in https://
doi.org/10.17605/OSF.IO/QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g003

https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.1371/journal.pbio.3003470.g003
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Fig 4.  Comparisons of neural variability and ERP amplitude at different frequency bands for encoding pain intensity discriminability in Data-
set 1. (A–D) ERP amplitude, neural variability, and the differential values between high-intensity and low-intensity stimuli at the delta (A, 1–4 Hz), theta 
(B, 4–8 Hz), alpha (C, 8–12 Hz), and beta (D, 12–30 Hz) bands, and their partial correlations while controlling for each other with pain intensity discrim-
inability. The two left panels show ERP amplitude and neural variability of band-pass filtered time series averaged across trials evoked by high- (violet) 
and low-intensity (gold) stimuli. The two right panels show point-by-point partial correlations of amplitude differences (high − low, ∆Amplitude) and SD 
differences (high − low, ∆SD) with pain intensity discriminability, respectively. Note that the gray bars represent Pearson’s r values at time points where 
significant correlations were observed after FDR correction. The color bars underneath display the corresponding Bayes factor values for the correla-
tions. The topographies represent partial r values within a  ±10 ms window around the peak. For ∆Amplitude calculations in A and B, the latencies of N2 
and P2 peaks were utilized, while for C and D, where clear ERPs were not observed, latencies corresponding to the minimal and maximal values within 
the 100–500 ms time window were used. The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g004

https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.1371/journal.pbio.3003470.g004
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Fig 5.  Neural variability of EEG responses evoked by tactile, auditory, and visual stimuli did not reflect their respective sensory intensity dis-
criminability. (A–C) Partial correlations between neural variability and sensory intensity discriminability of tactile, auditory, and visual stimuli in Dataset 
1. See point-by-point partial correlations in S10 Fig. No significance was observed for all nonpain modalities in partial correlations while controlling for 
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audition: pain, partial r = 0.55, P = 3.85 × 10−4, BF = 103.77; audition, partial r = 0.10, P = 0.56, BF = 0.22; (3) pain versus 
vision: pain, partial r = 0.54, P = 1.51 × 10−7, BF = 1.23 × 105; vision, partial r = －0.03, P = 0.77, BF = 0.14 (Fig 6D–6F). Direct 
between-modality comparisons led to confirmatory results as well: (1) pain versus touch: z = 3.18, P = 0.001; (2) pain ver-
sus audition: z = 2.16, P = 0.031; (3) pain versus vision: z = 4.01, P = 6.1 × 10−5. These consistent results demonstrate that 
neural variability may not reflect stimulus-general factors, but possibly preferentially encodes pain intensity discriminability.

Generalizability and preliminary clinical relevance of neural variability as an indicator of pain intensity 
discriminability

In Datasets 1–3, the difference of laser stimulus energy between high- and low-intensity conditions remained fixed at 0.5 J. To 
examine the generalizability and potential clinical relevance of the correlations between neural variability and pain intensity dis-
criminability, we conducted additional analyses on Datasets 4–6, in which participants received laser stimuli of multiple intensities, 
specifically, 2.5, 3.0, 3.5, and 4.0 J in Dataset 4 (N = 96, healthy volunteers) and Dataset 5 (N = 144, healthy volunteers), and 3, 
3.25, 3.5, 3.75, 4, and 4.25 J in Dataset 6 (N = 27, patients with postherpetic neuralgia [PHN]). Note that PHN patients received 
stimulation both on the shingles-affected skin area (pain-affected) and mirrored skin area on the contralateral side (pain- 
unaffected). We did not directly compare patients and healthy volunteers due to differences in datasets and demographics 
between these groups. Instead, we examined within-individual differences between affected and unaffected sides in patients.

In Dataset 4, pain ratings were significantly different across stimulus intensities (one-way repeated measures ANOVA, 
F(3, 380) = 182.47, P = 2.86 × 10−73; Fig 7A). Temporal SDs were significantly different within 100 ~ 500 ms in all pairs of 
high- and low-intensity stimuli (Fig 7A). Correlations between ∆SD and pain intensity discriminability showed significance 
in four pairs of high- and low-stimulus intensities as illustrated in Fig 7B. To assess the reliability of the above results, we 
replicated the analysis using a published dataset (Dataset 5). In this dataset, pain ratings were also significantly different 
across stimulus intensities (one-way repeated measures ANOVA, F(3, 572) = 100.95, P = 1.88 × 10−52; Fig 7C). Temporal 
SDs were significantly different within 100 ~ 500 ms in all pairs of high- and low-stimulus intensities except the pair of 3.0 J 
versus 2.5 J (Fig 7C). Correlations between ∆SD and pain intensity discriminability were significant in all pairs of high- and 
low-intensity stimuli (Fig 7D).

In Dataset 6, stimulus intensity had significant influence and stimulation side had no significant influence on subjec-
tive pain ratings, and their interaction was not significant (two-way repeated measures ANOVA, stimulus intensity: F(5, 
312) = 5.46, P = 7.85 × 10−5; side: F(1, 312) = 0.28, P = 0.60; interaction: F(5, 312) = 0.30, P = 0.92). Significant differences 
were found between most pairs of stimulus intensities with a difference exceeding 0.5 J on both sides (Fig 8A), which 
also showed significant temporal SD differences (Fig 8A). Due to limited number of subjects, we performed Spearman’s 
correlation analyses between ranked ∆SD and ∆Rating. Significant correlations were observed in four pairs of high- and 
low-stimulus intensities on the unaffected side and zero pairs on the affected side (Fig 8B and 8C). The associations 
between neural variability and pain intensity discriminability, therefore, seem to be disrupted to some extent on the neuro-
pathic pain-affected side.

Neural variability reflects general intraindividual sensory perception, but not interindividual sensory sensitivity

To investigate the relationship more comprehensively between neural variability and pain, we then examined whether 
neural variability reflects interindividual pain sensitivity and intraindividual pain perception. For interindividual sen-
sitivity, temporal SD waves were averaged across all trials regardless of stimulus intensity, and then correlated with 

mean amplitude differences of ERPs. (D–F) Partial correlations between neural variability and sensory intensity discriminability in Datasets 2&3. No 
significant partial correlations while controlling for mean amplitude differences were observed for any of these sensory modalities. The r shown in panels 
represents r values of partial correlation. BF is short for Bayes factor. The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/
QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g005

https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.1371/journal.pbio.3003470.g005
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Fig 6.  Preferentiality of neural variability as an indicator of pain intensity discriminability by matching the ratings between pain and non-
pain modalities. (A and D) The upper panels show distributions of ratings for high-intensity and low-intensity stimuli matched between pain and tactile 
modalities in Datasets 1 and 2&3. The high-low rating differences between pain and touch were not significant after rating matching. The lower panels 
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trial-averaged ratings. After controlling for the mean ERP amplitude, no significant correlations were found between  
trial-averaged SD and ratings for all modalities in Dataset 1 and Datasets 2&3 (Fig 9A and 9C). For intraindividual sen-
sory perception, correlation analyses were conducted at the single-trial level for each subject, and the Fisher z- 
transformed correlation coefficients were then compared with zero using a one-sample t test. In contrast to the results for 
interindividual sensitivity, significant correlations were observed for all modalities (Fig 9B and 9D). These findings align 
with previous studies demonstrating that the amplitude of most brain responses to nociceptive stimuli, though nonselec-
tive, reflects pain perception at the intraindividual level, while ERPs per se do not encode pain sensitivity at the interindi-
vidual level [15].

Discussion

Moving beyond the traditional amplitude-based approach, we systematically investigated the relationship between neu-
ral variability and pain, particularly individual differences in pain intensity discriminability, in six large EEG datasets (total 
N = 633). Five major findings were obtained. First, there were robust and replicable correlations between neural variability 
and pain intensity discriminability across individuals in multiple datasets. Second, almost no significant correlations were 
observed between neural variability and sensory discriminability in tactile, auditory, and visual modalities, even when the 
perceptual ratings of nonpain modalities were matched with those of pain. Third, neural variability and ERP amplitude 
were mutually independent in encoding pain intensity discriminability, and they had distinct temporal dynamics, efficiency, 
and underlying oscillatory profiles. Fourth, the association between neural variability and pain intensity discriminability 
appeared to be partly disrupted on the affected side of PHN patients. Fifth, neural variability correlated with perceptual 
ratings in pain and nonpain modalities at the intraindividual level but did not significantly correlate with individual differ-
ences in sensory sensitivity. Taken together, we demonstrate that neural variability is a replicable and potentially prefer-
ential indicator of pain intensity discriminability, thereby enhancing the understanding of neural encoding of pain intensity 
discriminability and facilitating a more comprehensive analysis of neural activity incorporating both neural variability and 
ERP amplitude.

ERP amplitude is a central metric in many EEG studies [5,15,21,46,47]. However, neural activity is highly variable 
across time and such variability cannot be captured by the averaged amplitude itself [6,8,48]. Importantly, recent studies 
have linked neural variability to multiple cognitive processes including perception and sensory discrimination [9,49,50]. 
Inspired by these discoveries, we moved beyond the traditional focus on amplitude of neural activity and investigated how 
temporal neural variability of EEG responses relates to pain, in particular to interindividual pain intensity discriminability. 
Consistent with emerging studies showing a correlation between neural variability and pain [32,33], we found that neural 
variability reliably correlated with pain intensity discriminability in multiple large datasets. This association remained robust 
across different measures of pain intensity discriminability (i.e., rating differences and AUC) and different window sizes 
(i.e., 50 ms, 100 ms, and 200 ms). This replicable association between neural variability and pain intensity discriminability 
parallels the relationship observed between ERP amplitude and pain intensity discriminability [20,21]. Moreover, similar to 
ERP amplitude, neural variability did not significantly correlate with pain sensitivity across individuals, but correlated with 
intraindividual perceptual ratings across trials [15]. These findings highlight that neural variability and ERP amplitude could 
have similar roles in encoding pain and suggest that neural variability and ERP amplitude should both be considered in 
pain studies.

show partial correlations between SD differences and rating differences for the matched subset. (B–C, E–F) Similar figures for subsets matched between 
pain and auditory modalities, and between pain and visual modalities in Datasets 1 and 2&3. Significant partial correlations were found in all matched 
subsets for pain intensity discriminability, but not for tactile, auditory, and visual modalities in both datasets. The r shown in scatterplots represents r 
values of partial correlation. BF is short for Bayes factor. Error bars are 95% confidence intervals. The data underlying this Figure can be found in https://
doi.org/10.17605/OSF.IO/QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g006

https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.1371/journal.pbio.3003470.g006
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Fig 7.  Neural variability as an indicator of pain intensity discriminability in Datasets 4 and 5 with multiple levels of nociceptive laser stimuli. 
(A and C) Pain intensity ratings (left panel) and temporal SD (right panel) in Dataset 4 (A: healthy subjects, N = 96) and Dataset 5 (C: healthy subjects, 
N = 144). Notably, ratings were significantly different across stimulus intensities. (B and D) Correlations between ∆SD around the peak and ∆Rating in 
all pairs of stimulus intensities. For Dataset 4 (B), significant correlations were found in discriminating between intensities with a 0.5 J difference (upper 
panels), as well as between 3.5 and 2.5 J (lower middle panel). For Dataset 5 (D), significant correlations were found in all pairs of stimulus intensities. 
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Fig 8.  Neural variability as an indicator of pain intensity discriminability in Dataset 6 (chronic pain patients) with multiple levels of laser stim-
uli. (A) Pain intensity ratings (left panel), temporal SD in the unaffected and affected sides (middle and right panels) in Dataset 6 (PHN patients, N = 27). 
(B and C) Correlations between ∆SD and pain intensity discriminability were assessed for both the unaffected side (B) and affected side (C). Significant 
correlations were observed in four pairs of intensities on the unaffected side and no pairs of intensities on the affected side, indicating a disruption of 
the correlations in the affected side. BF is short for Bayes factor. Error bars in A are standard errors of means, and error bars in B and C represent 95% 
confidence intervals. The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g008

BF is short for Bayes factor. Error bars in the left panels of A and C are standard errors of means, and error bars in B and D represent 95% confidence 
intervals. The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g007

https://doi.org/10.17605/OSF.IO/QTV8A
https://doi.org/10.1371/journal.pbio.3003470.g008
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https://doi.org/10.1371/journal.pbio.3003470.g007
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SD and mean values are associated mathematically. One could thus argue that the observed correlations between 
neural variability (measured by temporal SD) and pain may be simply a manifestation of the underlying relationships 
between ERP amplitude (measured by mean) and pain [15,21]. However, several lines of evidence speak against this 
notion. First, we observed partial correlations between neural variability and pain intensity discriminability after controlling 
for ERP amplitude. Second, we found significant correlations between pain intensity discriminability and another infor-
mation theory-based measure of neural variability, namely, PE, which is less influenced by the absolute values of ERP 
amplitude [42]. Third, the correlations between neural variability and pain intensity discriminability remained in induced 

Fig 9.  Neural variability does not encode interindividual sensory sensitivity but reflects intraindividual sensory perception. (A) Point-by-point 
partial correlations between trial-averaged SD ([High + Low]/2) and sensitivity measured by mean ratings ([High + Low]/2) to sensory stimuli of four modal-
ities in Dataset 1 (N = 141). No significant correlations were found in any modality. Note that no gray bars are shown because none of the partial correla-
tion coefficients survived FDR correction (all P values > 0.05). The color bars display the corresponding Bayes factor values for the correlations. Note that 
part-corr is short for partial correlation. The light-colored “bursty” curves represent the subject-averaged residuals of mean SD after regressing out mean 
amplitude. (B) Point-by-point intraindividual correlations between neural variability and ratings to sensory stimuli for each trial in Dataset 1 (N = 141). The 
gray bars represent t-statistics at time points where significant differences were observed after FDR correction. (C) Point-by-point partial correlations 
between trial-averaged SD and mean ratings to sensory stimuli of four modalities in Datasets 2&3 (N = 225). (D) Point-by-point intraindividual correlations 
between neural variability and ratings to sensory stimuli for each trial in Datasets 2&3 (N = 225). These results illustrate that neural variability encodes 
sensory perception at the intraindividual level, but does not encode sensory sensitivity at the interindividual level. The data underlying this Figure can be 
found in https://doi.org/10.17605/OSF.IO/QTV8A.

https://doi.org/10.1371/journal.pbio.3003470.g009
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https://doi.org/10.1371/journal.pbio.3003470.g009
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EEG responses. Since the mean amplitude of induced signals has no variance (i.e., having a constant value of 0), it would 
not confound the correlation between EEG variability and discriminability. Fourth, simulation analyses demonstrated that 
our findings were robust across a variety of noise levels, indicating that signal-to-noise ratio differences between intensity 
conditions could not explain the correlation between neural variability and pain intensity discriminability.

Importantly, we also found differential roles and oscillatory profiles of neural variability and ERP amplitude as indi-
cators of pain intensity discriminability. Neural variability accounted for pain intensity discriminability equally well or 
even better than ERP amplitude in the early time window following stimulus onset, while ERP amplitude proved more 
crucial in the later window. This observation may be explained by SD’s sensitivity to small fluctuations in neural activ-
ity compared to means. Fewer trials were also needed to establish significant correlations between neural variability 
and pain intensity discriminability. Neural variability thus seems more efficient in encoding pain intensity discrimin-
ability, possibly because it can be measured relatively accurately at the single-trial level. Furthermore, distinct  
oscillatory profiles were found for the roles of neural variability and ERP amplitude in encoding pain intensity dis-
criminability. While ERP amplitude was mainly observed in delta and theta frequencies, neural variability involved 
activity in broader frequency ranges, which agrees with previous studies showing that neural variability may be a 
consequence of oscillations in alpha-beta bands [51]. Taken together, these findings provide further evidence that 
the relationship between neural variability and pain intensity discriminability cannot be attributed to ERP amplitude. 
Instead, neural variability constitutes an independent and critical aspect of EEG responses with distinct mechanisms. 
These findings are in accord with previous research demonstrating the independent contributions of variability and 
mean amplitude to cognitive processes [52–54].

The independent and different roles of neural variability and ERP amplitude underscore the notion that the “noise” of 
neural activity is not purely noise, but functionally informative [55]. Single-trial EEG typically appears very “noisy”, varying 
dramatically across time and even suppressing ERP responses [56,57]. This temporal variability is treated as noise and 
averaged out in the traditional trial averaging procedure [58]. However, our findings show that this fluctuating temporal 
dynamics contain information about pain intensity discriminability. This point is illustrated well by the “bursty” residual time 
series of neural variability after regressing out amplitude: the residual neural variability differed in the high- and low-pain 
conditions and correlated with pain intensity discriminability. Our findings are consistent with previous studies associating 
task-related neural variability with sensory perception. For example, neural variability has been correlated with visual con-
trast discrimination threshold [49], and variability of fMRI blood-oxygenation-level–dependent (BOLD) signals has shown 
correlations with discriminability in touch and visual motion [9,49,50]. Notably, most previous task-based studies examine 
trial-by-trial neural variability, that is, how neural activity varies across trials [49,51,59]. We, on the other hand, focused on 
temporal neural variability—moment-to-moment fluctuations in neural activity—which has largely been examined in the 
context of resting-state research [6]. Our study thus extends this line of research by demonstrating that moment-to- 
moment neural variability responds to external stimuli and is related to pain within task-based paradigms.

Why does temporal neural variability encode pain intensity discriminability? One possibility is that neural variability 
reflects the precision of pain predictions. Pain perception can be theorized as a Bayesian inference process, which posits 
that perceived pain is the combination of bottom-up nociceptive inputs and top-down pain predictions weighted by their 
relative precision [60]. This framework has received increasing empirical support across pain and other sensory modali-
ties [1,61–63]. From this perspective, neural variability may reflect perceptual uncertainty or shifts in attentional weighting 
in the prediction of pain. Consequently, differential neural variability in the high- and low-intensity conditions may signal 
varying precision of predictions in different conditions, which then results in change in pain intensity discriminability. This 
interpretation aligns with previous studies linking neural variability to perceptual uncertainty [64–66] and recent work 
demonstrating correlations between moment-to-moment variability of BOLD signals and perceptual precision in a learn-
ing task [66]. Although uncertainty in pain predictions has been associated with nociceptive-evoked ERP responses [62], 
there remains a lack of pain research directly investigating the relationship between pain prediction precision and neural 
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variability. Future studies are in need to directly test the role of pain prediction precision in the association between neural 
variability and pain intensity discrimination.

Interestingly, we also observed that the association between neural variability and pain intensity discriminability seemed 
not stimulus-general, but potentially pain-preferential. Painful and nonpainful stimuli have been shown to evoke similar 
ERP responses [19,39], and all sensory stimuli are salient and attention-grabbing [67], leading to the influential theory 
that ERP responses evoked by transient stimuli reflect salience. However, our rating-matching approach provides some 
indirect evidence against this salience-based interpretation. Intensity ratings have been shown to highly correlate with 
stimulus salience (e.g., r = 0.84 in [68] and r = 0.93 in [69]). Accordingly, stimulus salience could be more or less similar for 
painful and nonpainful stimuli after intensity rating matching. Given that neural variability had stronger correlations with 
pain intensity discriminability after intensity rating matching, this association seems not stimulus-general, and salience 
might not have substantially affected our findings. However, painful stimuli may command greater attention than equally 
intense nonpainful stimuli [70,71]. Since no salience ratings or physiological signals of arousal like skin conductance 
responses were collected [69], it is impossible to directly test the influence of salience on our findings and rule out this 
alternative interpretation. Further research needs to directly examine the role of attention in our findings. If pain preferenti-
ality is confirmed after directly controlling for attention, this phenomenon could reflect fundamentally different mechanisms 
underlying intensity discriminability of pain compared with nonpain modalities. While the present study only provides 
preliminary evidence for preferential encoding of pain discriminability, the informational value of pain intensity may explain 
the potential pain preferentiality. Intensity discriminability seems to play a more functionally important role in pain than in 
nonpain modalities. Intensity is a dominant part of sensory information which individuals extract from painful stimuli [21]. In 
contrast, touch, audition, and vision encode plentiful information other than intensity, for example, texture and humidity for 
touch, timbre and pitch for audition, color and shape for vision. The informational value of pain intensity may thus warrant 
the nervous system to selectively encode this information. This interpretation is, however, speculative and needs to be 
tested with carefully designed experiments in the future.

In addition to the theoretical value of introducing temporal neural variability as an indicator of pain intensity discrim-
inability, the generalizability and preliminary clinical implications of our study are noteworthy. In Datasets 4 and 5, which 
included stimuli with multiple intensity levels, we also observed correlations between neural variability and pain intensity 
discriminability. In contrast, Dataset 6—comprising PHN patients with a smaller sample size—showed fewer pairs of stim-
ulus intensities with significant correlations. While this discrepancy may partly stem from the limited sample size, it could 
also reflect an aging effect, as patients in Dataset 6 were older than the healthy volunteers in Datasets 4 and 5, and older 
adults generally demonstrate poor pain intensity discriminability [72,73]. Interestingly, the pain-affected side had a worse 
performance in discriminating the same pair of stimuli. The associations between neural variability and pain intensity dis-
criminability, therefore, seem to be disrupted on the neuropathic pain-affected side. Previous studies have also revealed 
that patients with chronic pain exhibit abnormal pain intensity discriminability, which correlates with the effectiveness of 
their treatment [22,23,25,26,74,75]. While consistent with these previous studies in principle, our findings should be inter-
preted with caution due to the limited sample size. They cannot provide immediate insights into chronic pain mechanisms 
or clinical utility. Rather, they only lend preliminary support to the potential clinical relevance of neural variability as an 
indicator of pain intensity discriminability. Future studies need to validate our findings in different types of chronic pain and 
in studies with larger clinical sample sizes.

Our study has some limitations. First, we have only focused on pain intensity discriminability. Painful stimuli can differ 
in various ways, including their spatial locations or temporal sequences. While intensity has long been the center of pain 
research, some studies have found distinct mechanisms of pain intensity and other aspects of pain such as location [76]. 
It is of interest to explore whether neural variability also encodes spatial discrimination of pain. Second, although replica-
ble and potentially preferential correlations were found between neural variability and pain intensity discriminability, the 
causality of this relationship remains unclear. It is likely that neural variability merely reflects, rather than determines pain 
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intensity discriminability. Further investigations employing broader techniques, such as neurophysiology and neuromod-
ulation, are needed to examine the causal direction [77,78]. Third, the current study used only one type of pain, namely 
laser heat pain. Previous studies have highlighted the potential disparities in neural mechanisms across different types of 
pain [79]. It is thus essential to explore whether neural variability encodes the discriminability of alternative forms of pain, 
such as mechanical pain or chemical pain. Fourth, the clinical implications of our findings need more testing in patient 
groups. While we did test the ability of neural variability to serve as an indicator of pain intensity discriminability in Dataset 
6, it is only a small clinical dataset with only one type of chronic pain. Without broader testing in patients, the clinical rele-
vance of neural variability is still limited. Addressing these limitations, future studies will deepen the understanding of how 
neural variability relates to pain and facilitate valuable clinical applications of neural variability.

Methods

Datasets and participants

Six EEG datasets were utilized in this study [15,21,80,81]. Datasets 1–5 comprised signals recorded from 606 healthy 
volunteers who were pain-free and had no history of chronic pain, neurological disorders or psychiatric disorders. Dataset 
6 was collected from 29 patients with PHN (2 were excluded in this study due to insufficient trials for calculating the neural 
variability difference). Dataset 1 was recorded using the BioSemi EEG system, while Datasets 2–6 were recorded using 
the Brain Products EEG system. The detailed demographics are as follows: (1) Dataset 1 has 141 participants (54 males) 
aged 21.8 ± 4.7 years (mean ± SD). (2) Dataset 2 has 111 participants (54 males) aged 20.9 ± 2.3 years. (3) Dataset 3 has 
114 participants (40 males) aged 20.7 ± 2.3 years. (4) Dataset 4 has 96 participants (51 males) aged 21.6 ± 1.7 years. (5) 
Dataset 5 has 159 participants in total. These participants underwent two sessions of experiments. Here we report results 
from the first session, but similar findings could be obtained in the second session as well. Fifteen participants were 
removed during preprocessing (see EEG recording and preprocessing below), leaving 144 participants (70 males) aged 
39.4 ± 17.9 years. (6) Dataset 6 has 27 participants (12 males) aged 61.7 ± 11.1 years.

Note that we did not pool all datasets, but instead analyzed different datasets separately. In other words, each analysis was 
conducted on a homogeneous dataset. Dataset heterogeneity thus would not only have no effect on our analyses, but also 
ensure our findings’ generalizability across various conditions such as EEG recording systems, sample sizes, and age groups.

Ethics statement

All participants gave written informed consent and were paid for their participation. The experimental procedures were 
approved by the local ethics committee at the Chinese Academy of Sciences (Datasets 1–3; reference no. H17025) and 
Southwest University (Datasets 4 and 6; reference no. H15019). Dataset 5 was approved by the Ethics Committee of the 
Medical Faculty of the Technical University of Munich (reference no. 512/19 S-SR). These experiments were conducted in 
accordance with the Declaration of Helsinki.

Experiments

Experimental procedures were identical in Datasets 1–3 (shown in Fig 1B). Participants were seated in a comfortable 
position within a dimly lit, quiet, and temperature-regulated environment. The entire experiment had three blocks, with 
each block comprising the administration of 40 sensory stimuli (encompassing 5 stimuli for every modality and intensity) 
while simultaneously recording EEG data. Participants were granted short breaks between blocks. Notably, the sequence 
of stimulus modality and intensity within each block was pseudo-randomized. Each trial started with a fixation cross 
displayed for 3 s and followed by a transient sensory stimulus. After a 3 s interval, participants were asked to verbally rate 
the perceived intensity on a 0–10 NRS within 5 s. A subsequent trial would initiate after 1–3 s following the rating period, 
resulting in an interstimulus interval ranging from 12 to 14 s.
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In Dataset 4, participants received 40 stimuli, each with one of four stimulus intensities (i.e., 2.5, 3.0, 3.5, and 4.0 
J), consisting of 10 laser pulses per intensity. The sequence of stimulus intensity was pseudo-randomized as well. The 
interstimulus interval varied randomly within 10–15 s. An auditory tone was presented 3–6 s after the stimulus, prompting 
participants to rate the intensity of the pain sensation elicited by the laser stimulus using the 0–10 NRS. In Dataset 5, 
participants received 80 brief laser stimuli at 4 different intensities (i.e., 2.5, 3.0, 3.5, and 4.0 J), for each of which a verbal 
pain rating (0–100) was collected.

A similar experiment with multiple levels of stimulus intensity was performed on patients in Dataset 6. For each patient, 
10 laser pulses at one of six stimulus intensities (i.e., 3.0, 3.25, 3.5, 3.75, 4.0, and 4.25 J) were delivered on each side 
(i.e., pain-affected or unaffected side). The order of stimulus energies was pseudo-randomized, and the interstimulus 
interval varied randomly between 10 and 15 s. The participants would rate the intensity of pain sensation following each 
laser stimulus using the 0–10 NRS.

Sensory stimulation

In Datasets 1–3, participants received transient stimuli of four sensory modalities: nociceptive laser, nonnociceptive tactile, 
auditory, or visual. Each sensory modality encompassed two levels of stimulus intensity (i.e., high and low).

Following each stimulus, participants were asked to verbally rate the perceived intensity on NRS from 0 (“no sensa-
tion”) to 10 (“the strongest sensation imaginable”). The intensities of tactile, auditory, and visual stimuli were carefully set 
based on a pilot experiment, aiming to elicit perceived ratings of ~4 and 7 out of 10 for low and high intensities, respec-
tively. However, due to the potentially unbearable nature of the 4.0 J nociceptive laser stimulus for certain participants, a 
categorizing approach was adopted. Specifically, participants were categorized into high and low pain sensitivity groups. 
High pain sensitivity group comprised individuals who rated the 4.0 J laser stimulus as above 8 out of 10 in the pilot 
experiment (Dataset 3). Conversely, participants who rated the 4.0 J stimulus as 8 or below were assigned to the low pain 
sensitivity group (Datasets 1 and 2).

The painful stimuli were delivered as short pulses of radiant heat (wavelength: 1.34 μm; pulse duration: 4 ms), gen-
erated by an infrared neodymium yttrium aluminum perovskite (Nd:YAP) laser (Electronic Engineering, Italy). The laser 
beam, transmitted through a 7 mm diameter optic fiber, targeted a pre-defined 5 × 5 cm2 area. To mitigate the risk of noci-
ceptor fatigue or sensitization, the placement of laser beam was randomly adjusted by about 1 cm after each pulse. For 
Datasets 1 and 2, which comprised participants with low pain sensitivity, stimulus energies of 3.5 and 4.0 J were used. For 
Dataset 3, which involved participants with high pain sensitivity, laser stimuli were delivered with stimulus energies of 3.0 
and 3.5 J. For Datasets 4 and 5, participants received nociceptive laser stimuli at four intensity levels: 2.5, 3.0, 3.5, and 
4.0 J. For Dataset 6, six intensity levels of laser stimuli were delivered: 3.0, 3.25, 3.5, 3.75, 4.0, and 4.25 J.

Nonnociceptive tactile stimuli consisted of constant current square-wave electrical pulses (with a duration of 1 ms from 
model DS7A, Digitimer, UK), delivered through skin electrodes positioned 1 cm apart on the left wrist, over the superficial 
radial nerve. All three datasets used the same two stimulus intensities: 2.0 and 4.0 mA. Auditory stimuli consisted of brief 
pure tones (with 800 Hz central frequency, 50 ms duration, and 5 ms rise and fall times) delivered through headphones. 
All participants were exposed to the same two intensities (76 or 88 dB sound pressure level, SPL). Visual stimuli took 
the form of brief flashes of a gray round disk presented on a black background (with a duration of 100 ms) on a computer 
screen. The intensities were adjusted using the grayscale of the disk, with RGB values set at (100, 100, 100) and (200, 
200, 200).

EEG recording and preprocessing

EEG data were acquired via 64 Ag/AgCl electrodes positioned according to the International 10–20 System, using the 
nose as the reference (band-pass filter: 0.01–100 Hz; sampling rate: 1,000 Hz; BioSemi EEG system, the Netherlands 
for Dataset 1; Brain Products EEG system, Germany for Datasets 2–6). Electrode impedance was kept below 10 kΩ. 
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Electrooculographic signals were simultaneously recorded using two surface electrodes, one placed ~10 mm below the 
left eye and the other placed ~10 mm from the outer canthus of the left eye.

EEG data were preprocessed in MATLAB (R2021b; MathWorks, USA) using the EEGLAB toolbox v2023.1 [82]. Two 
preprocessing pipelines were adopted. For Datasets 1, 2, 3, 4, and 6, continuous EEG data were band-pass filtered 
between 1 and 30 Hz. Subsequently, EEG data were segmented into epochs extending from 500 ms before to 1,000 ms 
after stimulus onset. Each epoch was baseline corrected using the pre-stimulus interval. Trials contaminated by eye blinks 
and movements were corrected using an independent component analysis (ICA) algorithm implemented in the EEGLAB 
toolbox [82]. For Dataset 5, we applied a fully automated EEG pipeline DISCOVER-EEG, which was developed by the 
team who publicly shared Dataset 5 [83]. This pipeline included eight steps: (1) line noise removal with frequency- 
domain (multi-taper) regression as implemented in the EEGLAB function pop_cleanline(); (2) band-pass filtering between 
1 and 100 Hz; (3) bad channel rejection with the EEGLAB function pop_clean_rawdata(); (4) re-referencing to average; 
(5) removal of independent components with ≥80% probability of being eye movement and muscle artifacts as identified 
by the ICLabel classifier [84]; (6) bad channel interpolation with spherical splines; (7) bad time segments removal with 
the Artifact Subspace Reconstruction method [85]; and (8) epoching from −500 ms to 1,000 ms. Default parameters were 
used for line noise removal, bad channel rejection, ICA, and bad time segments removal. The epoched data were then 
low-pass filtered at 30 Hz to remove high-frequency noise. Although the preprocessing pipeline applied to Datasets 1, 2, 
3, 4, and 6 aligned with other EEG research [86,87], the more aggressive pipeline for Dataset 5 ensured that our findings 
would be robust across various preprocessing pipelines. Note that 15 participants were removed in Dataset 5 because 
they had <60 full trials (i.e., <15 trials per intensity condition on average) after bad time segments removal.

Neural variability

We mainly used temporal SD, a variance-based neural variability measure at the single-trial level and then averaged 
across trials of the same stimulus intensity. Temporal SD is defined as the standard deviation of EEG responses within a 
time window:

	
tempSD =

√∑n
i=1 (xi – x)2

n 	

where xi is the amplitude at time point i, x  is the mean amplitude within the time window of n time points. We applied the 
sliding window of 100 ms (n = 100) to delineate how temporal SD changes over time (as shown in Fig 1C). Additionally, to 
evaluate the impact of time window duration on the results, we repeated analyses using time windows of 50 and 200 ms. 
Please note that the coefficient of variation (CV), which normalizes the SD by dividing it by the mean, is another common 
measure of neural variability [8]. However, CV becomes unstable when the mean is small, as empirically demonstrated in 
Dataset 1 (S11 Fig). Therefore, we did not employ this metric in the present study.

We also used an information theory-based measure, PE, as an additional metric of neural variability to demonstrate the 
robustness of the relationship between neural variability and pain intensity discriminability. PE quantifies the complexity 
of a time series by evaluating the order relations between values in the time series rather than their absolute numerical 
values [42]. We computed PE with a customized function PE from the MATLAB file exchange [88]. The computation 
process involves selecting an embedding dimension m, representing the number of sequential time points forming a 
pattern, and a time delay τ. Then vectors vt = (xt, xt+τ , xt+2τ , . . . , xt + (m – 1)τ ) are extracted from a windowed time series 
(x1, x2, . . . , xn), where n denotes the number of time points within the specified window. These vectors facilitate the enu-
meration of relative frequencies for all potential ordinal patterns by ranking the elements to construct a probability distribu-
tion P across all patterns. Then PE can be calculated using Shannon entropy as follows:



PLOS Biology | https://doi.org/10.1371/journal.pbio.3003470  October 27, 2025 23 / 32

	
PE = –

∑
p ∈ P

p · log(p)
	

In our case, we set m = 4, τ = 1, and n = 100. Therefore, 97 vectors can be extracted from a time window of 100 time points, 
namely, v1 = (x1, x2, x3, x4), v2 = (x2, x3, x4, x5), …, v97 = (x97, x98, x99, x100). We then determined the relative fre-
quencies of all possible ordinal patterns within these vectors, such as, (1, 2, 3, 4), (1, 2, 4, 3), (1, 3, 2, 4), etc. and calcu-
lated Shannon entropy to obtain PE for each time window. Similar to the temporal SD calculation, we also employed the 
sliding window technique to characterize the temporal changes in PE.

Sensory discriminability

Sensory discriminability was quantified by the difference between ratings averaged across trials of high intensity and trials 
of low intensity. A previous study has shown that this simple index has a less skewed distribution and yields results highly 
similar to those of other indices, such as measures based on signal detection theory (SDT) [21]. Different individuals, how-
ever, often use rating scales differently, which constitutes another source of interindividual variability. To control for this inter-
nal scaling bias, we conducted a control analysis utilizing a discriminability index derived from SDT, specifically the AUC.

SDT decomposes sensory judgment into two orthogonal components, namely, scaling bias (e.g., the tendency to report 
higher ratings) and discriminability [89]. SDT-derived discriminability metrics such as AUC are thus less affected by the 
scaling bias and have been used in previous studies on discriminability [90,91]. Our primary discriminability measure, 
rating differences, is conceptually related to SDT-derived measures. Taking the rating difference between two stimuli can 
partially control for the internal scaling in some sense, so long as one makes the assumption that the internal rating scale 
remains similar across different stimulus intensities for the same individual. Formally, assume that the rating r of a stimu-
lus s is the sum of the true perception p and a constant rating bias b, namely, rs = ps + b, then the rating bias cancels out 
in the rating differences, that is, rs1 – rs2 = (ps1 + b) – (ps2 + b) = ps1 – ps2. However, raw rating differences do not fully 
account for the effect of rating distributions such as variance and therefore are still biased. SDT-based metrics can better 
control the distribution differences by normalizing rating differences using distributional parameters (e.g., variance in the 
case of d′ = rs1– rs2√

0.5 × (Variances1+Variances2)
 and nonparametric control over distributions as in AUC). Our previous work has 

demonstrated that the choice of metrics (rating differences, d′, or AUC) did not affect the relationship between pain dis-
criminability and EEG responses [21]. In the present study, we also found that the SDT-derived AUC measure correlated 
strongly with pain rating differences (r = 0.832), confirming that rating differences can control for, at least partly, the internal 
scaling effect.

Statistical analysis

Correlation analysis.  Correlation analyses were performed to test whether (1) neural variability reflects pain intensity 
discriminability, (2) the neural variability-intensity discriminability association is stimulus-general, (3) the relationship 
between neural variability and pain intensity discriminability is generalizable, and (4) neural variability encodes with 
interindividual sensory sensitivity and intraindividual sensory perception.

To determine if neural variability reflects pain intensity discriminability, we computed neural variability (i.e., temporal SD) 
at the single-trial level, took the difference of neural variability between two intensities (high − low, ΔSD), and correlated 
this neural variability difference with pain intensity discriminability in a point-by-point manner in Datasets 1–3. Multiple 
comparisons were corrected using the FDR procedure [92]. Scalp topographies were computed by spline interpolation. 
To illustrate the correlations in scatterplots, we extracted the values within a 20 ms window centered at the peak of the 
subject-averaged neural variability difference and correlated them with pain intensity discriminability. Note that we applied 
FDR corrections across time points for electrode Cz only. Topographical maps are presented for visualization, and no 
spatial statistical tests were conducted, as our conclusions do not depend on spatial distributions.
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To test whether the relationship between neural variability and sensory discriminability is stimulus-general, we repeated 
correlation analyses and partial correlations controlling for ERP amplitude on Dataset 1–3 with sensory stimuli of tac-
tile, auditory, and visual modalities. To directly compare pain and nonpain modalities, partial correlational coefficient 
differences were tested with Steiger’s z test [93]. To control for rating differences between modalities, we also manually 
matched ratings between pain and nonpain modalities (see Rating matching approach below), and conducted correlation 
analyses on the matched data.

To demonstrate the generalizability of our findings, we further explored the correlations between neural variability differ-
ences and pain intensity discriminability in Datasets 4–6, all of which were recorded from participants exposed to various 
intensities of nociceptive stimuli. In Datasets 4 and 5, four levels of stimuli with a 0.5 J interval were used, resulting in six 
pairs of high- and low-intensity combinations. We first applied one-way repeated measures ANOVA to determine whether 
ratings of pain intensity differed across stimulus intensities. We then performed paired-sample t tests on temporal SD 
evoked by various pairs of stimulus intensities. For each pair of stimulus intensities, we performed correlation analyses as 
previously described between neural variability and pain intensity discriminability. In Dataset 6, six levels of stimuli sepa-
rated by a 0.25 J interval were applied on both the affected and unaffected sides, resulting in 15 pairs of high- and low- 
intensity combinations for each side. We first applied two-way repeated measures ANOVA to determine whether ratings of 
pain intensity were significantly different across stimulus intensities and stimulation sides. We then performed paired- 
sample t tests on ratings and temporal SD values of different pairs of stimulus intensities. Spearman’s rank correlation 
analyses were then conducted on those pairs of high- and low-intensity combinations that showed significant differences 
in both ratings and temporal SD.

In addition to intensity discriminability, we also tested how interindividual sensory sensitivity and intraindividual sensory 
perception relate to neural variability in Datasets 1–3. Interindividual sensory sensitivity was operationalized as mean 
intensity ratings across the high and low intensity conditions ([High + Low]/2) for each subject. Mean ratings were then cor-
related with mean temporal SD across the high and low intensity conditions. Intraindividual sensory perception was quan-
tified as single-trial intensity ratings, which were correlated with single-trial temporal SD for each subject. The subject-wise 
correlation coefficients were transformed to z values using the Fisher z-transformation (z-Fisher), and the z values were 
finally compared against zero using a one-sample t test.

To provide direct evidence for or against null hypotheses, we also computed BF for the foregoing tests under Jeffreys- 
Zellner-Siow priors with the bayesFactor toolbox (ver 1.0.0; https://github.com/klabhub/bayesFactor) [94]. BF quantifies 
the relative likelihood of collecting the data given the alternative hypothesis over the null hypothesis [95]. Different BF 
values were interpreted in the way recommended by Kass and Raftery [96]: (1) 1–3.3: barely worth mentioning evidence 
for the alternative hypothesis; (2) 3.3–10: substantial evidence; (3) 10–100: strong evidence; and (4) >100: decisive evi-
dence. The reciprocal of BF values less than 1 can be interpreted as evidence for the null hypothesis. For example, a BF 
of 0.2 (i.e., 1/5) indicates substantial evidence for the null hypothesis.

Note that all statistical tests were two-tailed.
Rating matching analysis.  Perceptual ratings can vary significantly between different sensory modalities, making 

it challenging to compare the relationship between EEG responses and discriminability indices across modalities. This 
variability in perceptual ratings might confound any observed differences between modalities. To account for this potential 
confounder, we used a rating matching procedure to equalize intensity ratings between pairs of sensory modalities (i.e., 
pain versus touch, pain versus audition, and pain versus vision) in both Dataset 1 and Datasets 2&3.

The matching procedure was adapted from a previous study [68]. When matching pain and touch ratings, if  
Participant-X rates high- and low-intensity laser stimuli as, for instance, 6 and 4 on average, respectively, we identify 
participants whose mean ratings for high-intensity tactile stimuli fall within 5.5–6.5 and for low-intensity tactile stimuli within 
3.5–4.5. This ensures an absolute average matching error of ≤0.5 for both high- and low-intensity stimuli. If M partici-
pants meet this criterion, we further narrow it down to N participants with the smallest absolute matching error. If N equals 

https://github.com/klabhub/bayesFactor
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1, Participant-X is paired with this single participant. If N is greater than 1, Participant-X is randomly paired with one of 
these participants (say, Participant-Y), provided that Participant-Y has not been paired with anyone else. The effect of this 
matching procedure was confirmed by statistically insignificant interaction effects (sensory modality × stimulus intensity) in 
mixed-design ANOVA.

Independence test.  Since variance and mean amplitude of the brain response are generally not independent, we 
first correlated neural variability differences and amplitude differences between high- and low-intensity conditions (also 
referred to as ΔSD and ΔAmplitude, respectively), and then performed partial correlation analysis between ΔSD and pain 
intensity discriminability, controlling for ΔAmplitude at the same time point. Note that, consistent with neural variability, 
ERP amplitude was also calculated with a 100-ms sliding window. To further account for ΔAmplitude, we subtracted 
trial-averaged amplitude from single-trial EEG responses for each condition to derive induced EEG responses [43], and 
then computed neural variability and conducted correlation analysis with the induced EEG responses. To illustrate the 
correlations in scatterplots, we also extracted the values within a 20-ms window centered at the peak of the subject-
averaged neural variability difference. After regressing out the ΔAmplitude, scatterplots were created using the residuals of 
ΔSD and pain intensity discriminability.

Noise simulation analysis.  To examine the effect of differential noise levels in low- and high-intensity conditions, 
we conducted simulation analyses. Noise was sampled from baseline (−500 to 0 ms) in single-trial EEG signals in the 
low- and/or high-intensity conditions. This approach ensures that the noise structure in real EEG signals is respected and 
that residual noise after preprocessing such as muscle artifacts, baseline drift, and amplifier noise can be captured. The 
sampled noise was then scaled by a factor (referred to as “noise scale”) and added to post-stimulus EEG signals. We 
conducted three sets of simulation: (1) adding noise to the low-intensity condition alone, (2) high-intensity condition alone, 
and (3) both low- and high-intensity conditions. Eleven noise scales were chosen: 0–2 in steps of 0.2. Despite appearing 
small, a noise scale of 2 completely changed neural variability as measured by SD (S8A and S8C Fig). Since this level 
of noise seemed empirically unlikely, our analyses could also serve as a stress test to demonstrate the robustness of our 
findings.

Dominance analysis.  To assess the contribution of differential neural variability and differential mean amplitude 
(i.e., ΔSD and ΔAmplitude) to encoding pain intensity discriminability, we conducted dominance analysis at each time 
point [44,45]. Dominance analysis is a method for comparing the relative contribution of predictors in multiple regression 
models. We quantified contribution using total dominance, which has the desirable property that the sum of total 
dominance of all predictors is equal to the determination coefficient (R2) of the full multiple regression model. At each time 
point, we first regressed pain intensity discriminability against differential neural variability and differential mean amplitude, 
and computed R2 of this full model, which is denoted by R2

full . Then, we predicted pain intensity discriminability separately 
using differential neural variability and differential mean amplitude. R2 of these two reduced models is denoted by R2

var  
and R2

amp. According to the dominance analysis approach, total dominance of neural variability differences is defined as 

(R2
full – R

2
amp + R2

var)/2. Similarly, total dominance of mean amplitude differences is (R2
full – R

2
var + R2

amp)/2.
Resampling analysis.  We used a resampling method to examine the influence of subject number and trial number 

on the probability of detecting significant correlations between neural variability and pain intensity discriminability. In 
Datasets 1–3, we generated bootstrapped subsamples from the whole dataset, that is, randomly selected data samples 
with replacement. For the subject number, we subsampled subjects ranging from 20 to the maximum of each dataset, 
and repeated the resampling procedure for 100 times for each subject number. To assess the effect of trial number, we 
subsampled trials ranging from 1 to 15 (in steps of 1), and for each trial number, the resampling procedure was repeated 
for 100 times. Note that during the resampling of subjects, we used data from all trials, while during the resampling of 
trials, data from all participants were used. In each subsample, we computed differential neural variability and differential 
ERP amplitude, correlated them with pain intensity discriminability, and applied a threshold to the correlation time 
series with p(FDR) = 0.05. Since we generated 100 subsamples for each sample size, the probability of a time point 
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being significant under a certain subject/trial number was approximated by the number of times that time point reached 
significance. We also specifically examined the number of subjects/trials needed to detect significant correlations with a 
probability ≥80% [97].

Oscillatory profiling analysis.  To further explore whether neural variability and ERP amplitude were driven by 
frequency-specified activity, we band-pass filtered single-trial EEG signals to characterize the oscillatory profiles of neural 
variability and ERP amplitude as indicators of pain intensity discriminability. Since continuous EEG traces were filtered 
from 1 to 30 Hz to derive ERPs, here we focused on four classical frequency bands: delta (1–4 Hz), theta (4–8 Hz), alpha 
(8–12 Hz), and beta (12–30 Hz). After band-pass filtering the data for the respective frequency band, we then repeated 
the partial correlational analyses, that is, correlating ΔSD in the filtered data with pain intensity discriminability in a point-
by-point manner while controlling for ΔAmplitude at the same time point, and correlating ΔAmplitude in the filtered data 
with pain intensity discriminability while controlling for ΔSD at the same time point.

Supporting information

S1 Fig.  Rating differences as slopes of psychophysical functions. Given two fixed and medium physical intensities 
x1 and x2, the rating differences y3 − y1 and y2 − y1 can be viewed as the slope of psychophysical functions. Individuals 
with higher discriminability have a larger slope (i.e., y3 − y1 > y2 − y1).
(TIF)

S2 Fig.  Correlations between ERP amplitudes and pain intensity discriminability in Dataset 1. (A) Comparison of 
ERP amplitudes derived from 100 ms sliding windows between conditions of high- and low-intensity stimuli in Dataset 1. 
(B) Correlation between amplitude difference and SD difference. Black segments of the curve illustrate time points where 
correlations were not significant after FDR correction, while red segments illustrate time points with significant correla-
tions. (C, D) Correlations between ERP amplitude difference and pain intensity discriminability. ERP amplitude differ-
ences around N2 and P2 peaks were significantly correlated with pain intensity discriminability. (E, F) Partial correlations 
between ERP amplitude difference and pain intensity discriminability controlling for SD. The light-colored “bursty” curve in 
panel E represents the subject-averaged residuals of ∆amplitude after regressing out ∆SD. Partial correlations were calcu-
lated while controlling for ∆amplitude. Note that the gray bars represent Pearson’s r values at time points where significant 
correlations were observed after FDR correction. The color bars underneath display the corresponding BF values for the 
correlations. Part-corr is short for partial correlation. BF is short for Bayes factor. Error bars are 95% confidence intervals. 
The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.
(TIF)

S3 Fig.  Information theory-based neural variability encodes pain intensity discriminability in Dataset 1. (A) Neural 
variability assessed by an information theory-based measure, temporal PE of EEG responses evoked by high-intensity 
(violet) and low-intensity (gold) stimuli in Datasets 1. (B) Point-by-point correlations between neural variability differences 
(high − low, ∆PE) and rating differences (high − low, ∆Rating). Note that the gray bars represent Pearson’s r values at 
time points where significant correlations were observed after FDR correction. The color bars underneath display the 
corresponding Bayes factor values for the correlations. (C) Correlations between values around the trough of temporal 
PE and ∆Rating. Error bars are 95% confidence intervals. The data underlying this Figure can be found in https://doi.
org/10.17605/OSF.IO/QTV8A.
(TIF)

S4 Fig.  Correlations between neural variability of induced responses and pain intensity discriminability in Data-
set 1. (A) Temporal SD of induced EEG responses and correlations between ∆SD and pain intensity discriminability in 
Dataset 1. (B) Temporal PE of induced EEG responses and correlations between ∆PE and pain intensity discriminability 
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in Dataset 1. Note that the gray bars represent Pearson’s r values at time points where significant correlations were 
observed after FDR correction. The color bars underneath display the corresponding Bayes factor values for the correla-
tions. Error bars are 95% confidence intervals. The data underlying this Figure can be found in https://doi.org/10.17605/
OSF.IO/QTV8A.
(TIF)

S5 Fig.  Correlations between neural variability and pain intensity discriminability measured by AUC in Dataset 
1. (A) Neural variability measured by temporal SD and its partial correlation with pain intensity discriminability measured 
by AUC controlling for the amplitude of ERPs. (B) Neural variability measured by temporal PE and its partial correlation 
with AUC controlling for the amplitude of ERPs. Note that the gray bars represent Pearson’s r values at time points where 
significant correlations were observed after FDR correction. The color bars underneath display the corresponding Bayes 
factor values for the correlations. Part-corr is short for partial correlation. The light-colored “bursty” curves represent the 
subject-averaged residuals of SD/PE after regressing out ERP amplitude. The significance of both indices demonstrates 
the stability and robustness of neural variability as an indicator of pain intensity discriminability. In scatterplots, r rep-
resents r value of partial correlation and error bars are 95% confidence intervals. The data underlying this Figure can be 
found in https://doi.org/10.17605/OSF.IO/QTV8A.
(TIF)

S6 Fig.  Correlations between pain intensity discriminability and neural variability calculated with different 
lengths of sliding windows in Dataset 1. (A, B) Partial correlations of neural variability and pain intensity discriminability 
controlling for ERP amplitude. The neural variability was calculated with sliding windows of 50 ms in (A) and 200 ms in (B). 
Consistent significant findings existed in both window sizes. Note that the gray bars represent Pearson’s r values at time 
points where significant correlations were observed after FDR correction. The color bars underneath display the corre-
sponding Bayes factor values for the correlations. The light-colored “bursty” curves represent the subject-averaged resid-
uals of SD/PE after regressing out ERP amplitude. In scatterplots, r represents r value of partial correlation and error bars 
are 95% confidence intervals. The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.
(TIF)

S7 Fig.  Comparable results from single-trial-based and average trial-based analyses to calculate neural variabil-
ity for pain in Dataset 1. (A, B) Neural variability based on single-trial SD (A) and average trial SD (B) showed similar 
partial correlations with pain intensity discriminability after regressing out mean ERP amplitude. Note that the gray bars 
represent Pearson’s r values at time points where significant correlations were observed after FDR correction. Part-corr is 
short for partial correlation. The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.
(TIF)

S8 Fig.  Effects of adding different levels of noise to EEG data on correlations between pain intensity discrimin-
ability and neural variability in Dataset 1. (A) ∆SD time series when different levels of noise were added to the low- 
intensity condition. As the added noise level increased, SD in the high-intensity condition became smaller than that in the 
low-intensity condition. Noise scale represents the level of noise added. Eleven noise scales (0–2 in steps of 0.2) were 
tested. A noise scale of s means s times the baseline noise in single-trial EEG signals was added. (B) Bayes factor (BF) 
for partial correlations between pain intensity discriminability and neural variability when noise was added to the low- 
intensity condition while controlling for ERP amplitude differences. Enclosed areas represent correlations with log

10
(BF) 

≥ 0.5, namely, BF ≥ 3.3. Adding noise to the low-intensity condition had no substantial effect on the correlation between 
pain intensity discriminability and neural variability. (C) ∆SD time series when different levels of noise were added to the 
high-intensity condition. (D) BF for partial correlations between pain intensity discriminability and neural variability when 
different levels of noise were added to the high-intensity condition while controlling for ERP amplitude differences. Adding 
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noise to the high-intensity condition also had no substantial effect on the correlation between pain intensity discriminability 
and neural variability. (E) ∆SD time series when different levels of noise were added to the high- and low-intensity condi-
tions simultaneously. (F) BF for partial correlations between pain intensity discriminability and neural variability when dif-
ferent levels of noise were added to the high- and low-intensity conditions while controlling for ERP amplitude differences. 
Adding noise also had no substantial effect on the correlation between pain intensity discriminability and neural variability. 
The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.
(TIF)

S9 Fig.  Comparisons of neural variability and ERP amplitude at different frequency bands for encoding pain 
intensity discriminability in Datasets 2 and 3. (A–D) Differential amplitude (black curves), neural variability (blue 
curves) at the delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), and beta (12–30 Hz) bands, and their partial correlations 
with pain intensity discriminability while controlling for each other in Datasets 2 and 3. Note that the gray bars repre-
sent Pearson’s r values at time points where significant correlations were observed after FDR correction. The color bars 
underneath display the corresponding Bayes factor values for the correlations. The topographies represent partial r values 
within a  ±10 ms window around the peak. For ∆Amplitude calculations in A and B, the latencies of N2 and P2 peaks were 
utilized, while for C and D, where clear ERPs were not observed, latencies corresponding to the minimal and maxi-
mal values within the 100–500 ms time window were used. The data underlying this Figure can be found in https://doi.
org/10.17605/OSF.IO/QTV8A.
(TIF)

S10 Fig.  Point-by-point partial correlations between neural variability of EEG responses evoked by tactile, 
auditory, and visual stimuli and their respective sensory intensity discriminability. (A–C) Neural variability, and 
its partial correlations with sensory intensity discriminability of tactile, auditory, and visual stimuli in Dataset 1. Gray bars 
represent Pearson’s r values at time points where significant correlations were observed (FDR-corrected). The color bars 
underneath display the corresponding Bayes factor values for the correlations. The light-colored “bursty” curves represent 
the subject-averaged residuals of ∆SD after regressing out ∆amplitude at each time point. For tactile modality, signifi-
cant partial correlations while controlling for mean amplitude differences were found at 35–180 ms, but no significance 
was observed around the peak of neural variability (see Fig 5). No significance was observed for either auditory or visual 
modalities in partial correlations while controlling for mean amplitude differences of ERPs. (D–F) Neural variabilities and 
their partial correlations with respective sensory intensity discriminability in Datasets 2&3. No significant partial correla-
tions while controlling for mean amplitude differences were observed for any of these sensory modalities. Part-corr is short 
for partial correlation. The data underlying this Figure can be found in https://doi.org/10.17605/OSF.IO/QTV8A.
(TIF)

S11 Fig.  Instability of coefficients of variation as a measure of neural variability of pain in Dataset 1. The coeffi-
cient of variation (CV) normalizes SD by dividing it by the mean. CV was extremely unstable in many time points. Note 
that the y axis is capped at ±150 for better visualization. Actually, CV values ranged from a maximum of 2,442 to a min-
imum of −5,017, illustrating its instability in conditions with low mean signal amplitudes. The data underlying this Figure 
can be found in https://doi.org/10.17605/OSF.IO/QTV8A.
(TIF)
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