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Abstract
Identifying biomarkers that predict the mental states with large effect sizes and high test-retest
reliability is a growing priority for fMRI research. We examined a well-established multivariate
brain measure that tracks pain induced by nociceptive input, the Neurologic Pain Signature
(NPS). In N = 295 participants across eight studies, NPS responses showed a very large effect
size in predicting within-person single-trial pain reports (d = 1.45) and medium effect size in
predicting individual differences in pain reports (d = 0.49, average r = 0.20). The NPS showed
excellent short-term (within-day) test-retest reliability (ICC = 0.84, with average 69.5
trials/person). Reliability scaled with the number of trials within-person, with 260 trials required
for excellent test-retest reliability. Reliability was comparable in two additional studies across
5-day (N = 29, ICC = 0.74, 30 trials/person) and 1-month (N = 40, ICC = 0.46, 5 trials/person)
test-retest intervals. The combination of strong within-person correlations and only modest
between-person correlations between the NPS and pain reports indicates that the two
measures have different sources of between-person variance. The NPS is not a surrogate for
individual differences in pain reports, but can serve as a reliable measure of pain-related

physiology and mechanistic target for interventions.
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Significance statement
Current efforts towards the translation of brain biomarkers require identifying brain measures
with large effect sizes in predicting outcomes of interest and reliability. We systematically
examined the performance of a well-established brain activity pattern, the Neurological Pain
Signature (NPS), in a large and diverse sample of participants. The NPS showed excellent
reliability, and the reliability scaled with the number of trials within-person. The NPS responses
showed strong correlations with pain reports at the within-person level but only modest
correlations at the between-person level. The findings suggest that the NPS is not a surrogate
for individual differences in pain reports but can serve as a reliable measure of a pain-related

physiological target.
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Effect sizes and test-retest reliability of the fMRI-based Neurologic Pain Signature

Understanding individual differences in brain activity and their links with behavior is a
primary focus of fMRI research. One approach is to establish structure-function associations
and make inferences about the brain bases of individual differences. A distinct but related
approach uses brain measures to develop biomarkers that can contribute to measuring
external constructs (e.g., pain, the risk for mental iliness) and inform diagnosis and treatment
(FDA-NIH Biomarker Working Group, 2016). For example, research on neural mechanisms
of physiological pain helps to understand which brain areas are involved in constructing
different kinds of pain experiences in different populations. Meanwhile, the research helps to
develop biomarkers that can subtype pain based on pathophysiology, predicting risk for
future pain, and more, leading to new ways of understanding, diagnosing, and treating pain.
Both establishing structure-function associations and developing biomarkers require brain
measures with good measurement properties, including large effect sizes in predicting

external variables (e.g., behavior) and high reliability.

Historically, the measurement properties of fMRI activities have been rarely assessed. Effect
sizes in predicting external variables are calculated at both within-person and between-
person levels when repeated measures are collected within each person. Predictions at
these levels can be inconsistent due to different sources of variance (Bakdash & Marusich,
2017; Kievit et al., 2013). For example, the two variables are positively correlated at the
within-person level while having no relation at the between-person level. Assessing effect
sizes at both within-person and between-person levels prevents incorrect interpretations of
the predictions and yields a deeper understanding of the brain measures. Test-retest
reliability is one type of reliability index, usually measured with an intraclass correlation
coefficient (ICC, Shrout & Fleiss, 1979), that assesses temporal stability under repeated
tests. Both effect sizes and test-retest reliability rely on a low random error in the
measurement. Test-retest reliability also relies on high inter-individual variability, indicating

differentiable measures across subjects (Barnhart et al., 2007).

As translational goals accelerate and sample sizes increase, measurement properties of
fMRI studies are increasingly a focus of attention (Bennett & Miller, 2010; Button et al., 2013;
Dubois & Adolphs, 2016; Elliott et al., 2019, 2020; Hedge et al., 2018; Herting et al., 2018;
Kraemer, 2014; Nichols et al., 2017; Noble et al., 2019; O’Connor et al., 2017; Poldrack et
al., 2017; Xu et al., 2016; Zuo et al., 2019; Zuo & Xing, 2014). Studies of traditional

univariate brain measures provide a pessimistic picture of task fMRI’'s measurement
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properties. Effect sizes of univariate brain measures in local brain regions have often been
limited to moderate effect sizes (i.e., Cohen’s d values centered on approximately d = 0.5;
Poldrack et al., 2017). The reliability of univariate brain measures in many studies with small
samples varies substantially (Letzen et al., 2016; Manuck et al., 2007; Nord et al., 2017;
Plichta et al., 2012). A recent meta-analysis of fMRI literature across diverse tasks generally
demonstrated low reliability (ICCs < 0.4) of the average activation level of single brain
regions of interest (ROI), which did not decrease with longer test-retest interval (Elliott et al.,
2020). In resting-state fMRI studies, low test-retest reliability (ICCs < 0.3) was indicated by

the individual edge-level connectivity (Noble et al., 2019; Pannunzi et al., 2017).

An important trend in the fMRI studies is the development of a priori multivariate brain
measures that can be used as biomarkers, also called ‘neuromarkers’ or ‘signatures’
(Arbabshirani et al., 2017; Doyle et al., 2015; Gabrieli et al., 2015; Haynes, 2015; Kragel et
al., 2018; Orru et al., 2012; Woo, Chang, et al., 2017). Such models consist of patterns of
brain activity, connectivity, and other derived features (e.g., graph-theoretic measures) within
and across brain regions, which can be applied prospectively to new samples or participants.
Because they are pre-specified models applied to new samples without re-fitting,
neuromarkers provide an opportunity to evaluate measurement properties across different
samples and contexts systematically. Multivariate brain signatures can yield measures with
much larger effect sizes (Cohen’s d > 2; Chang et al., 2015; Geuter et al., 2020; Krishnan et
al., 2016; Wager et al., 2013; Zunhammer et al., 2018). They also show enhanced test-retest
reliability for both task-evoked (ICCs > 0.7; Kragel et al., 2020; Woo & Wager, 2016) and
resting-state (ICCs > 0.6; Gordon et al., 2017; Gratton et al., 2020; Yoo et al., 2019; Zuo &
Xing, 2014) fMRI measures in some studies. However, this has rarely been assessed across
diverse samples and scanners, particularly with respect to a systematic evaluation of effect
sizes for within-person and between-person prediction of external variables and test-retest

reliability.

In the current study, we evaluated a well-established multivariate brain-based model in the
pain domain, i.e., the Neurologic Pain Signature (NPS; Wager et al., 2013). NPS consists of
interpretable and stable patterns across brain regions known to show increased activity in
pain-related studies. These regions included the thalamus, the posterior and middle insula,
the secondary somatosensory cortex, the anterior cingulate cortex, the periaqueductal gray
matter, and other regions (see Figure 1(A)). The NPS predicts subjective pain intensity in
response to noxious thermal (Wager et al., 2013), mechanical (Krishnan et al., 2016),
electrical (Krishnan et al., 2016; Ma et al., 2016), and visceral stimuli (Van Oudenhove et al.,

2020). In addition, it does not respond to non-noxious warm stimuli (Wager et al., 2013),
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threat cues (Krishnan et al., 2016; Ma et al., 2016; Wager et al., 2013), social rejection-
related stimuli (Wager et al., 2013), vicarious pain (Krishnan et al., 2016), or aversive images
(Chang et al., 2015). The NPS provides a neuromarker of a basic mental process with
negative affective components, which can serve as an intermediate phenotype potentially
relevant to various disorders. For example, enhanced NPS responses, combined with
another brain signature related to non-painful sensory processing, discriminated fibromyalgia

from pain-free controls with 93% accuracy (Lopez-Sola et al., 2017).

NPS effect sizes have been mainly assessed on within-person correlations with pain
(Lindquist et al., 2017) and reliability has only been assessed in a preliminary fashion
(Kragel et al., 2020; Woo & Wager, 2016). The measurement properties of individual brain
regions of the NPS have not been assessed systematically. Comparing the measurement
properties of the whole NPS and individual brain regions could help clarify whether NPS's
performance exceeds individual brain regions and reveal the different performance of
different individual brain regions. Further, the properties that influence test-retest reliability of
the NPS (e.g., amount of data collected per person) have not been systematically examined
in detail across studies. Examining these properties could both help understand the NPS as
a test case and reveal principles underlying the sources of error and reliability of task fMRI

more broadly.

Methods
We tested four types of effect size for both NPS and local brain regions of interest by
analyzing painful stimulus-evoked fMRI and pain reports across ten studies (total N = 444),
none of which were used to train the NPS model. The main analyses were conducted on
single trial-level data from a multi-study dataset across eight studies (N = 295). In this
dataset, we also tested short-term (i.e., within one day) test-retest reliability and several
factors potentially influencing it. These factors include the number of trials used, the noxious
stimulus intensity, and whether the NPS was applied to pain-versus-rest or a contrast
between high and low painful stimulus intensity (Bennett & Miller, 2010, 2013). Studies 9 and
10 evaluated test-retest reliability across 5-days (N = 29) and one-month (N = 120) intervals.
We compared the short-term, and longer-term test-retest reliability controlling for the number

of trials averaged when calculating the NPS response.

Datasets description
We analyzed three datasets: (1) a single-trial dataset included 15,940 single-trial images of
fMRI activity from healthy subjects with multiple levels of noxious heat and pain ratings

within one scan session (i.e., one day) across 295 participants from 8 studies (i.e., study 1 to
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8); (2) a study (i.e., study 9) with healthy subjects during heat pain tasks with behavioral and
fMRI data collected across three sessions with five-days intervals between each session (N
= 29); (3) a study (i.e., study 10) with chronic back pain subjects receiving pressure pain
stimulations with behavioral and fMRI data collected across two sessions with an average of
one month between them (N = 120). Participants received a series of painful stimuli and
rated their individually experienced pain following each stimulus in all studies. Each study
also included psychological manipulation, such as cue-induced expectation and placebo
treatment. Descriptive data on age, sex, and other study sample features are given in Table
1. The number of trials, stimulation sites, stimulus intensities and durations varied across
studies but were comparable; these variables are summarized in Table 2. In the studies
included, we examined the test-retest reliability of the NPS and pain ratings irrespective of
diverse study-specific features and manipulations, which facilitated our conclusion's

generalizability.

Data from the study 1 to 8 have been used in previous publications (see Table 1). However,
the analyses and findings reported here are novel, and the data used for developing the
NPS was not included in the current study to avoid double-dipping (Kriegeskorte et al.,
2009). Data from the study 9 and 10 have not been published yet. All participants were
recruited from New York City and Boulder/Denver Metro Areas. The institutional review
board of Columbia University and the University of Colorado Boulder approved all the
studies, and all participants provided written informed consent. Participants' preliminary
eligibility was determined through an online questionnaire, a pain safety screening form, and
an MRI safety screening form. Participants with psychiatric, physiological, or pain disorders,
neurological conditions, and MRI contraindications were excluded before enroliment. No
participants were excluded from the study after screening other than individuals who, upon
screening, provided different responses that made them ineligible (e.g., developing a

physiological disorder).

Materials and Procedures

Thermal and pressure stimulation

We delivered thermal stimulation to multiple skin sites using a TSA-Il Neurosensory Analyzer
(Medoc Ltd., Chapel Hill, NC) with a 16 mm Peltier thermode endplate, excepting Study 3
using the Pathway ATS model and Study 8 with a 32 mm Peltier thermode endplate. Study
10 delivered pressure rather than thermal stimulation, using a custom-built pneumatic device
pushing a piston into the left thumbnail. At the end of every trial, participants rated pain
intensity on a visual analog scale or a labeled magnitude scale (Bartoshuk et al., 2004).

Thermal stimulation parameters varied across studies, with stimulation temperatures ranging
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from 44.3 °C to 50 °C and stimulation durations ranging from 1.85 to 12.5 seconds. Most
studies applied thermal stimulation to the left volar forearm; study 2 also applied the left
foot’s dorsum; study 6 and study 8 applied the stimulation to the lower leg. See Table 2 for
stimulation location, intensity levels, duration, number of trials per subject, and other

cognitive manipulations.

fMRI Analysis

Preprocessing

We were interested in using the preprocessing pipelines from the original published studies
as this will likely reflect the variations in preprocessing steps observed across studies in the
literature. In studies 1 to 8, structural T1-weighted images were coregistered to each
subject's mean functional image using the iterative mutual information-based algorithm
implemented in SPM (Ashburner & Friston, 2005). They were then normalized to MNI space
using SPM. Following SPM normalization, study 4 included an additional step of
normalization to the group mean using a genetic algorithm-based normalization (Atlas et al.,
2010, 2014; Wager & Nichols, 2003). In each functional run, we removed initial volumes to
allow for image intensity stabilization. We also identified image-intensity outliers (i.e.,
'spikes') by computing the mean and standard deviations (SD, across voxels) of intensity
values for each image for all slices to remove intermittent gradient and severe motion-related
artifacts present to some degree in all fMRI data. We first computed both the mean and the
SD of intensity values across each slice for each image to identify outliers. Mahalanobis
distances for the matrix of (concatenated) slice-wise mean and standard deviation values by
functional volumes (overtime) were computed. Any values with a significant x2 value
(corrected for multiple comparisons based on the more stringent of either false discovery
rate or Bonferroni methods) were considered outliers. In practice, less than 1% of the
images were deemed outliers. The outputs of this procedure were later included as nuisance
covariates in the first-level models. Next, functional images were corrected for differences in
each slice's acquisition timing and were motion-corrected (realigned) using SPM. The
functional images were warped to SPM's normative atlas (warping parameters estimated
from coregistered, high-resolution structural images), interpolated to 2 x 2 x 2 mm3 voxels,
and smoothed with an 8 mm FWHM Gaussian kernel. This smoothing level has been shown
to improve inter-subject functional alignment while retaining sensitivity to mesoscopic activity

patterns consistent across individuals (Shmuel et al., 2010).

The preprocessing of study 9 and 10 were conducted using fMRIPrep 1.2.4 (Esteban et al.,
2019; Esteban, Blair, et al., 2018; RRID:SCR_016216). The BOLD reference was co-

registered to the T1w reference. Co-registration was configured with nine degrees of
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freedom to account for distortions remaining in the BOLD reference. Head-motion
parameters with respect to the BOLD reference (transformation matrices, and six
corresponding rotation and translation parameters) are estimated. The BOLD time-series
were resampled onto their original, native space by applying a single, composite transform to
correct for head-motion and susceptibility distortions. The BOLD time-series were resampled
to MNI152NLin2009cAsym standard space, generating a preprocessed BOLD run in
MNI152NLin2009cAsym space. The preprocessed BOLD runs were smoothed with a 6 mm
FWHM Gaussian kernel. We identified image-intensity outliers (i.e., 'spikes') using
Mahalanobis distances (3 standard deviations) and dummy regressors were included as
nuisance covariates in the first level. Besides, twenty-four head motion covariates per run
were entered into the first level model as well (displacement in six dimensions, displacement

squared, derivatives of displacement, and derivatives squared).

General linear model (GLM) analyses

For studies 1 to 8, a single trial, or "single-epoch", design and analysis approach was
employed to model the data. Quantification of single-trial response magnitudes was done by
constructing a GLM design matrix with separate regressors for each trial, as in the "beta
series" approach (Mumford et al., 2012; Rissman et al., 2004). First, boxcar regressors,
convolved with the canonical hemodynamic response function (HRF), were constructed to
model cue, pain, and rating periods in each study. Then, we included a regressor for each
trial, as well as several types of nuisance covariates. Because each trial consisted of
relatively few volumes, trial estimates could be strongly affected by acquisition artifacts that
occur during that trial (e.g., sudden motion, scanner pulse artifacts). Therefore, trial-by-trial
variance inflation factors (VIFs; a measure of design-induced uncertainty due, in this case, to
collinearity with nuisance regressors) were calculated, and any trials with VIFs that
exceeded 2.5 were excluded from the analyses. Single-trial analysis for Study 2 and 4 were
based on fitting a set of three basis functions, rather than the standard HRF used in the
other studies. This flexible strategy allowed the shape of the modeled hemodynamic
response function (HRF) to vary across trials and voxels. This procedure differed from that
used in other studies because (a) it maintains consistency with the procedures used in the
original publication on Study 4 (Atlas et al., 2010), and (b) it provides an opportunity to
examine predictive performance using a flexible basis set. For both studies, the pain period
basis set consisted of three curves shifted in time and was customized for thermal pain
responses based on previous studies (Atlas et al., 2010; Lindquist et al., 2009). To estimate
cue-evoked responses for Study 4, the pain anticipation period was modeled using a boxcar
epoch convolved with a canonical HRF. This epoch was truncated at 8 s to ensure that fitted

anticipatory responses were not affected by noxious stimulus-evoked activity. As with the
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other studies, we included nuisance covariates and excluded trials with VIFs > 2.5. In Study
4 we also excluded trials that were global outliers (those that exceeded 3 SDs above the
mean). We reconstructed the fitted basis functions from the flexible single-trial approach to
compute the area under the curve (AUC) for each trial and in each voxel. We used these
trial-by-trial AUC values as estimates of trial-level anticipatory or pain-period activity. For
studies 9 and 10, we estimated a GLM for each participant, including the nuisance
covariates generated in preprocessing and three regressors of interest: pain stimuli, pain

ratings, and button presses, each convolved with the standard HRF.

Computing Neurologic Pain Signature (NPS) responses

We computed a single scalar value for each trial and each subject, representing the NPS
pattern expression in response to the thermal and pressure pain stimulus (using the contrast
[Pain Stimulation minus Baseline] images). There are three methods to calculate the NPS
pattern response, given the NPS is represented as a vector x, brain response to pain
stimulus as a vector y, and the voxel number in the brain mask as n: (1) dot-product (NPS =
Y. x;v;), which combine whole-image magnitude and spatial similarity information; (2) cosine
X7 xiyi

representing the dot-product of unit vectors; (3) correlation (NPScorr =

similarity (NPScos = ), which excludes whole-image magnitude information,

Srxi—D)(yi—Y)
[Ere-02 (g5

which excludes information related to whole-image mean and magnitude, representing
cosine similarity between centered vectors. The effect size and reliability of these three NPS
response metrics were not significantly different from each other (see Table S5). Thus we

reported the results of the dot product of NPS in the main text.

To test whether NPS's performance exceeds individual brain regions within NPS, we also
computed the pattern expression, i.e., dot-product, for each brain area within NPS. The local
brain areas were extracted based on the NPS map thresholded at g < 0.05 FDR, k > 10. We
compared the effect size and the reliability of individual brain regions with the whole NPS
pattern using paired t-tests by treating the study as the observation unit and corrected the
multiple comparisons using q<0.05 FDR. In most of the regions in the NPS, pain is
associated with the increased overall activity, i.e., positive brain regions, including the right
Insula (rIns), the right dosal Insula (rdIns), the left Insula (lIns), the right secondary
somatosensory cortex (rS2), the dorsal anterior cingulate cortex (dACC), the right Thalamus
(rThal), vermis and the right primary visual area (rV1). Such regions include the major
targets of ascending nociceptive afferents. In a subset of other regions, pain is associated

with the decreased overall activity, i.e., negative brain regions, including the perigenual ACC
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(pgACC), the posterior cingulate cortex (PCC), right inferior parietal lobule (rIPL), left lateral
occipital complex (ILOC), right posterior lateral occipital complex (rpLOC), right lateral
occipital complex (rLOC), and left superior temporal sulcus (ISTS). These regions are not
strongly linked to nociception and are not direct targets of nociceptive afferents; rather, they
have been associated with a variety of affective, autonomic, social, self-referential, and

decision-making functions (Roy et al., 2012, 2014).

Effect size analysis

We analyzed four types of effect sizes of the NPS in the single-trial dataset: (1) Mean
response: the mean NPS response across all trials irrespective of the temperature and
experiment manipulations. A one-sample t-test was conducted for all participants in each
study; (2) within-person correlation with temperature: correlation between the temperature
and NPS response. A one-sample t-test was conducted for the correlation coefficients of all
participants for each study; (3) Within-person correlation with pain reports: correlation
between pain reports and the NPS response. A one-sample t-test was conducted for the
correlation coefficients of all participants for each study. (4) Between-person correlation with
pain reports. The mean NPS response and mean pain reports of each participant were
calculated by the average of each participant's trials. The correlation between the NPS
response and pain reports was calculated across all participants for each study. The effect
size was determined by Cohen's d values, which are commonly characterized as follows:
0.20 indicates small; 0.50 indicates medium; 0.80 indicates large, and 1.20 indicates very

large effect size (Cohen, 2013; Sawilowsky, 2009). In between-person correlations, the

2XT

Vi-r2’

transformation between r and cohen's d is d =

Test-retest reliability analysis

Test-retest reliability of NPS and pain reports was determined by the intra-class correlation
coefficient (ICC; Koo & Li, 2016; McGraw & Wong, 1996; Shrout & Fleiss, 1979). ICC is
calculated by mean squares obtained through analysis of variance among a given set of
measures. We characterized two types of test-retest reliability, i.e., short-term and longer-
term test-retest reliability, based on the time interval between measures. In the single-trial
dataset, which includes studies 1 to 8, we calculated the short-term test-retest reliability
since data were collected within one session. To do so, we constructed a two-way mixed-
effects model with time (1st vs. 2nd half trials) as a fixed effect and subjects as a random
effect. Since we were interested in the reliability of the averaged measures of the 1st and
2nd half trials (i.e., the average of two halfs, k = 2), the mixed-effect model is referred to as
ICC(3,k) = (BMS - EMS) / BMS. BMS represents the mean square for between-person
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measures, and EMS represents the mean square for error. The ICC values in the current

study were calculated using the ICC function in the ‘psych’ library in R.

For studies 9 and 10, we assessed the longer-term test-retest reliability since data were
collected across sessions with longer time intervals. We also constructed a two-way mixed-
effects model with time (multiple sessions) as a fixed effect and subjects as a random effect.
Instead of calculating ICC(3,k), we calculated ICC(3,1) = (BMS - EMS) / (BMS + (k- 1) *
EMS) for longer-term test-retest reliability since we were interested in the measure of one
session, not the average of all sessions. BMS represents the mean square for between-
person measures, EMS represents the mean square for error, and k represents the number
of scanning sessions (Koo & Li, 2016; McGraw & Wong, 1996; Shrout & Fleiss, 1979).
Measures with ICCs are commonly characterized as follows: less than .40 are thought to
have poor reliability, between .40 and .60 fair reliability, .60 and .75 good reliability, and
greater than .75 excellent reliability (Cicchetti & Sparrow, 1981). We also reported the 95%
confidence interval of ICC values (Koo & Li, 2016; McGraw & Wong, 1996).

Results
NPS effect sizes
In the single-trial dataset, mean responses of the NPS were significantly larger than zero in
each of the 8 studies (t = 5.02 - 19.22, ps < 0.001, d = 1.22 - 2.62). The within-person
correlations between the NPS and temperature were significantly larger than zero in each of
the 8 studies as well (meanr=0.05-0.42,t=2.32-18.91, ps <0.05,d = 0.53 - 2.67). The
within-person correlations between the NPS and subjective pain reports were significantly
larger than zero in each of the 8 studies (mean r=0.14 - 0.35, t = 4.81 - 11.49, ps < 0.001, d
=0.94 - 2.13). Lastly, the between-person correlations between the mean NPS and mean
subjective pain rating (i.e., individual differences) were only significant in 1 out of 8 studies (r
=-0.13-0.74, p = 0.69e-3 - 0.70, d = -0.27 - 2.20; see Figure 1 and Figure S1 for four
types of tests and effect sizes; see Table S1 for the statistical details of each study). In
Study 4, the only study showed significant between-person correlation, the stimuli were
tailored to the individuals to elicit matched subjective pain, whereas the other studies applied
the same stimuli for everyone. Thus the individual differences in subjective pain are not

stimulus-driven in these studies except for Study 4.

To test whether NPS's performance exceeds individual brain regions within the NPS, we did
the same analyses for each local brain area of the NPS and compared the effect sizes with
the NPS. Generally, positive brain regions had higher effect sizes than negative brain

regions and the effect sizes of the full NPS were the highest in all four tests (see Figure S2).
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To confirm the difference in the effect sizes between NPS and local brain regions, we
conducted paired t-tests treating the study as the unit of the observation and corrected the
multiple comparisons using q<0.05 FDR. The NPS has (1) significantly larger effect size
than most local brain regions in the mean response, except for the rins (meanztse =
1.92+0.16 vs. 1.72+0.19); (2) significantly larger effect size in the within-person correlation
with the temperature, except for the rins (1.50+0.27 vs. 1.21£0.26); (3) significantly larger
effect size in the within-person correlation with the subjective pain reports, except for the
dACC (1.454£0.16 vs. 1.1940.12); (4) does not significantly differ in effect size in the
between-person correlation with the subjective pain reports from most brain regions, except
for the rIPL (0.4940.26 vs. -0.27+0.17) (see Table S2 for all statistic details).

Test-retest reliability

The short-term test-retest reliability of the NPS calculated in the single-trial dataset was
distributed from good to excellent among 8 studies (ICC = 0.73 - 0.91; meants.e. =
0.8410.02; see Table S3 for more details), which was significantly smaller than the reliability
of subjective pain reports (ICC = 0.85 - 0.96; meants.e. = 0.92+0.01; paired-t test: t(7) =
4.11, p = 0.005). Reliability of the NPS was numerically higher than any local brain regions
and was significantly higher than rThal and pgACC (q < 0.05 FDR; see Figure 1(C) and
Table S4 for statistical details).

Most pain-predictive and reliable NPS regions

Among the brain regions in the NPS pattern, we identified several regions with the greatest
promise for predicting stable individual differences in pain. Those regions ought to have the
highest combination of within-person and between-person correlation with pain reports and
test-retest reliability. This is because within-person correlation with pain reports is
meaningful in terms of the relationship between NPS and pain reports, which might be driven
by factors separate from what drives interindividual differences. Between-person correlation
with pain reports is of primary interest for stable individual differences, though the effect
sizes are moderate in our results. Besides, reliability is an important precondition for
predicting stable individual differences in pain. A combination of three cutoffs, i.e., d > 0.2 for
both within-person and between-person correlation with pain, and ICC > 0.6 for short-term
test-retest reliability, identified six local regions including lins, rins, rdpins, dACC, rS2, and
rThal (see Table S2 and Table S4).

Longer-term test-retest reliability
The longer-term test-retest reliability was tested in studies 9 and 10. For study 9, both
reliability of the NPS and pain reports were excellent (ICC = 0.74, 95CI = [0.61, 0.84] and
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0.87, 95CI = [0.80, 0.92]; see Figure 1(D)). Time interval between session 1 and session 2
was 4.93 + 4.57 days, and the time interval between session 2 and session 3 was 4.79 +
2.81 days. Study 10 was a clinical trial randomizing chronic back patients to a psychological
treatment, a placebo treatment, or a control group (n = 40 per group), with approximately 1
month between the two assessment sessions. In the control group, the reliability of the NPS
was fair (ICC = 0.46, 95CI = [0.22, 0.65]; see Figure 1(E)) and the reliability of pain reports
was poor (ICC = 0.26, 95CI = [-0.15, 0.49]). Reliability of the 40 participants in the
psychotherapy group and 40 participants in the placebo group were poor (see Table S3 for

details).

How does the number of trials influence reliability?

We tested how the number of trials of the heat stimuli influences the test-retest reliability.
The results in Figure 2(A) left panel showed that the more trials averaged to calculate the
NPS response, the higher the ICC values in each of 8 studies. On average, 60 or more trials
per condition were required to achieve an excellent reliability of the NPS. Given the same
number of trials being averaged, ICC values in study 9 (30 trials) and study 10 (5 trials) with
longer time intervals were comparable with ICC values of studies 1 to 8. The trend was
flatter for the test-retest reliability of subjective pain reports, which achieved an ‘excellent’

level with even one ftrial.

How does the effect size of stimuli influence reliability?

The property of the stimulus itself might influence the reliability, such as the effect size it
induced. For example, heat stimuli with higher temperatures might generally induce higher
pain effects. The results in Figure 2(B) left panel showed that NPS responses induced by
higher temperature had higher test-retest reliability. However, this was not the case for the
subjective pain rating, which was very reliable across all temperatures. NPS responses
might be more specific for high painful stimulus intensity, while subjective pain rating could

represent a wider range of pain levels in a reliable way.

How does the type of contrast influence reliability?

There are two commonly used methods to calculate the brain response to an experimental
condition, comparing a condition with the implicit baseline or to a control condition. The
results in Figure 2(C) left panel showed that the reliability of NPS dropped when the
response of NPS was calculated in contrast with a lower temperature, instead of the implicit
baseline (ICC meanzs.e. = 0.25+0.17 vs. 0.81£0.03, which was calculated by averaging the
reliability of all temperatures in one study first and calculating the mean and standard error of

the reliability across all studies. Same below.). The drop of the reliability was smaller in
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subjective pain reports (ICC meants.e. = 0.80+0.03 vs. 0.93+0.01). This finding indicates
that using a contrast with a control condition with low reliability could reduce the reliability of

the contrast measure.

Discussion
Current efforts towards the translation of brain biomarkers have renewed interest in brain
measures' effect sizes in predicting outcomes of interest and reliability. With a large effect
size, a measure can be diagnostic of outcomes at the individual level (Poldrack et al., 2017;
Reddan et al., 2017). Test-retest reliability is a prerequisite for stable prediction of individual
differences (Bennett & Miller, 2010; Drost & Others, 2011; Nakagawa & Schielzeth, 2010;
Streiner, 2003). We systematically evaluated the effect sizes and test-retest reliability of the
NPS across ten studies and 442 participants. The NPS showed a very large effect size in
predicting within-person single-trial pain reports (d = 1.45, ranging from 0.94 to 2.13). The
effect size in predicting individual differences in pain reports is medium and heterogeneous
across studies (d = 0.49, ranging from -0.27 to 2.20). The NPS showed excellent short-term
(within-day) test-retest reliability (ICC = 0.84). Reliability was comparable in a study with a
longer time interval across 5-day (N = 29, ICC = 0.74). It was lower in a study with 1-month
test-retest intervals (N = 40, ICC = 0.46), though this may have been driven by the low

number of trials (5 trials per participant) rather than the longer time interval.

The current findings with large and diverse samples indicate that the NPS measures
physiological processes related to evoked pain with large effect sizes at the within-person
level and high test-retest reliability. However, as a measure of individual differences in pain
sensitivity, the NPS does not reduplicate pain reports. The NPS is only modestly related to
the pain reports. This inconsistency of the effect sizes at within-person and between-person
levels could be led by the different sources of variance underlying the NPS responses and
pain reports (see Figure 3(A)). At the within-person level, different temperatures across
trials are among the primary sources of variance in NPS responses and pain reports. The
effect sizes of within-person correlations between the NPS and the temperatures were
distributed from medium to huge (d = 0.53 - 2.67). The effect sizes of within-person
correlations between the pain reports and the temperatures were distributed from very large
to huge (d = 1.58 - 12.41). Both the NPS and pain reports are responsive to noxious stimuli

intensities.

However, at the between-person level, the NPS and pain reports' variances may have been
driven by many factors that are irrelevant to the stimuli intensities. One person can report

more pain than another because of differences in demographic variables, genetic factors,
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and psychosocial processes (Fillingim, 2017; Woo & Wager, 2016). For example, individual
differences in subjective pain reports might reflect communicative bias, such as "stoics" vs.
"communicators." Meanwhile, the NPS responses might vary due to individual differences in
task-related head movement (Engelhardt et al., 2017), respiration (Chang & Glover, 2009;
Power et al., 2019), heart rate (Chang et al., 2009), BOLD magnitude (Levin et al., 2001)
and inter-individual variation in brain bases for pain reports (Reddan & Wager, 2018). The
combination of strong within-person correlations and only modest between-person
correlations between the NPS and pain reports indicates that the NPS is not a surrogate for
individual differences in pain reports. Instead, the NPS as an objective biological target could
be useful for measuring physiological pain in combination with subjective pain reports. For
example, a clinical trial is testing a new drug of analgesic. They might want to know how the
drug works on pain reports and physiological measures like the NPS. Because pain reports
alone may be subject to biases, such as the placebo effects (Tuttle et al., 2015; Zunhammer
et al., 2018), the drug may not work in the long term because they are not engaged in the
pain-relevant physiological mechanisms. Placebo treatments, on the contrary, only have

minimal effects on the NPS (Zunhammer et al., 2018).

Both the NPS (ICC = 0.73 - 0.91) and pain reports (ICC = 0.85 - 0.96) showed excellent
short-term (i.e., within one-day) test-retest reliability. Test-retest reliability of pain reports has
been extensively examined in previous pain-related studies that showed similar ICC values
range from 0.75 - 0.96 (Jackson et al., 2020; Letzen et al., 2014, 2016; Upadhyay et al.,
2015). Previous studies have examined the test-retest reliability of the univariate brain
measures to pain and showed widely varied ICCs in pain-related ROls (0.32 - 0.88; Letzen
et al., 2014; Quiton et al., 2014; Upadhyay et al., 2015), significantly activated clusters (0.33
- 0.74; Jackson et al., 2020) and functional connectivities (-0.17 - 0.77; Letzen et al., 2016).
Compared with the previous univariate brain measures of pain, the NPS showed consistently
high performance of short-term test-retest reliability across eight studies. It is noteworthy that
although the short-term test-retest reliability is mathematically identical to the internal
consistency reliability, they are conceptually different. Internal consistency measures how
consistent a set of items, e.g., voxels in NPS, measures a particular construct, e.g., pain
(Drost & Others, 2011). At the same time, the short-term test-retest reliability characterizes
the short-term temporal stability of measurement, e.g., the NPS response measured within a
session (Drost & Others, 2011). High values of internal consistency are not always desirable
and could point to the redundancy of items (Streiner, 2003), while high test-retest reliability

values are a desirable feature given that the constructs being measured are stable.
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To test whether the NPS measure is stable across longer time scales, we examined two
studies with 5-day and one-month intervals between sessions. We found that the NPS had
high performance in longer-term test-retest reliability when evaluated with sufficient data per
person. In our estimation, more than 60 trials per condition are required on average to
achieve excellent test-retest reliability, though this is rarely done in practice (Chen et al.,
2021; Dang et al., 2020; Rouder & Haaf, 2019). Besides the number of trials per condition,
we also tested several other factors influencing the test-retest reliability, including stimulus
intensity (e.g., temperature) and whether the measure was calculated in contrast to a
baseline or a control condition (see Figure 3(B)). Previous studies have shown that the test-
retest reliabilities of pain reports and activities in ROls are higher in response to evoked
stimuli with higher temperatures (Upadhyay et al., 2015). The test-retest reliabilities of the
significantly activated clusters were higher when the measures were calculated in contrast
with the baseline than with a control condition (e.g., non-noxious stimuli; Jackson et al.,
2020). The current findings of the NPS are consistent with previous studies and are tested
quantitatively in a large and diverse sample. All these factors have a more extensive
influence on the NPS than self-reported pain, further supporting the argument that the NPS

and pain reports contain different sources of variance (see Figure 2).

The complete NPS performance was better than constituent local brain regions for both
effect size and test-retest reliability. This finding is consistent with the argument that pain is
encoded in distributed brain networks instead of a specific and isolated brain region (Petre et
al., 2020; Woo & Wager, 2016). Interestingly, the six regions (i.e., bilateral insula, right
dorsal posterior insula, dACC, right S2, and right thalamus) with relatively larger effect sizes
and reliabilities were the targets of ascending nociceptive afferents and activated in
response to pain stimuli. Other local regions deactivated with pain and are not direct targets
of nociceptive afferents have smaller effect sizes and reliabilities (Roy et al., 2012, 2014).
The reliabilities of multivariate patterns of ROls were heterogeneous (i.e., ICCs range from
poor to excellent), similar to previous findings of pain-related ROIs using the univariate
analyses (Letzen et al., 2014; Quiton et al., 2014; Upadhyay et al., 2015). In contrast, the
reliabilities of the complete NPS are more homogeneous and all ranging from good to

excellent level across multiple diverse studies.

The current study tests a large number of studies that are diverse in several aspects. Firstly,
most of the studies contain some cognitive manipulations along with the pain stimuli, such as
cognitive self-regulation intervention to increase or decrease pain (Woo et al., 2015), the
combination of painful stimuli with visual or auditory cues for different pain intensities (Atlas

et al., 2010; Chang et al., 2015; Jepma et al., 2018; Roy et al., 2014), placebo manipulation
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(Atlas et al., 2010; Chang et al., 2015; Jepma et al., 2018; Roy et al., 2014). Secondly, the
pain stimuli were applied to different body positions, including arm, foot, leg, and thumbnail,
which were supposed to have different sensitivity to pain (Alburquerque-Sendin et al. 2018).
Thirdly, the intensities of pain stimuli are largely varied regarding the temperature (44.3 - 50
°C) and duration (1.85 - 12.5 s). The diversities of the studies further support the
generalizability of our findings about the measurement properties of the NPS and pain
reports. The participants in these studies are mainly young and healthy participants, with
only one study testing participants with chronic back pain (i.e., study 10). In study 10, our
results showed that the reliability of the NPS in the control group was comparable with other
studies when controlling the same number of trials for each participant. The reliabilities of the
NPS in the psychotherapy and placebo group were lower (see Table S$3). And the reliability
of the subjective pain report was lower in study 10 compared with most other studies. We
need further research to test the measurement properties of the NPS and subjective pain
reports across more diverse participant samples, including the clinical populations (Herr et
al., 2011; Voepel-Lewis et al., 2010; Walton et al., 2011).

This paper focuses on the NPS because it has been one of the most extensively studied
brain signatures for its validity and specificity in the pain domain (Chang et al., 2015;
Krishnan et al., 2016; Ma et al., 2016; Van Oudenhove et al., 2020; Wager et al., 2013). The
tests in the current study characterizing the reliability, within-person, and between-person
variances related to pain reports could be applied to any neuromarker including other pain-
related patterns (Brown et al., 2011; Geuter et al., 2020; Kucyi & Davis, 2015; Kutch et al.,
2017; Lépez-Sola et al., 2017; Marquand et al., 2010; Woo, Schmidt, et al., 2017). Some
other pain signatures possibly could predict individual differences in pain better. Our study
shows that it is crucial to characterize individual differences across studies and contexts.
The correlation with individual differences in pain reports may vary across different
experimental instructions and populations. For example, in study 4, we had a selected
university population pre-screened for reliable pain reports and pre-calibrated for stimuli
intensities and ended up with a very large effect in the between-person level correlation

between the NPS and pain reports.

In sum, we find that both the NPS and pain reports have excellent test-retest reliability in a
large and diverse sample of participants. As a measure of individual differences in pain
sensitivity, the NPS is only modestly related to pain reports, suggesting that the NPS is not
as useful as a surrogate measure for pain reports. In contrast, the NPS could serve as an
objective biological target to measure physiological pain in combination with subjective pain

reports. In the future, many other multivariate brain patterns need to be tested before they
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can be used as translational biomarkers. Our study provides a blueprint for future studies
performing such measurement properties testing and suggests factors that could improve

test-retest reliability in future measurements.
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Table 1. Study demographics, experiment sessions and prior publications

Study N Gender | Ages, | #of Interval between | Prior publications
M (SD) | Sessions | Sessions (days)

Study1 33 22 F 279 |1 N/A (Geuter et al., 2020;
healthy (9.0) Lindquist et al., 2017;
Woo et al., 2015;
Woo, Schmidt, et al.,

2017)
Study?2 28 10F 25.2 1 N/A (Chang et al., 2015;
healthy (7.4) Geuter et al., 2020;

Krishnan et al., 2016;
Lindquist et al., 2017;
Woo, Schmidt, et al.,

2017)
Study3 93 49 F 28.7 |1 N/A (Geuter et al., 2020;
healthy (5.7) Losin et al., 2020)
Study4 17 9F 255 |1 N/A (Atlas et al., 2010;
healthy Geuter et al., 2020;

Lindquist et al., 2017;
Woo, Schmidt, et al.,

2017)
Study5 50 27 F 25.1 1 N/A (Geuter et al., 2020;
healthy (6.9) Lindquist et al., 2017;

Roy et al., 2014; Woo,
Schmidt, et al., 2017)

Study6 19 10F 25.5 1 N/A (Geuter et al., 2020;
healthy (9.5) Jepma et al., 2018)
Study7 29 16 F 20.4 1 N/A (Lindquist et al., 2017;
healthy (3.3) Woo, Schmidt, et al.,
2017)
Study8 26 11F 28 1 N/A (Koban et al., 2019;
healthy (9.3) Lindquist et al., 2017;
Woo, Schmidt, et al.,
2017)
Study9 29 16 F 30.3 |3 Ses 1to 2: unpublished
healthy (9.8) 4.93 (4.57);
Ses 2 to 3:
4.79 (2.81);
Study10 [ 120 61F 426 |2 25-40 Ashar et al., submitted
chronic (15.6)

back pain
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Table 2. Stimulation protocol
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Study

Stimulus
location

Stimulus
Intensity (°C)

Stimulus
duration
(seconds)

Trials per
subject

Other experimental manipulations

Study1

Arm

443, 45.3,
46.3, 47.3,
48.3,49.3

12.5

97

Cognitive self-regulation
intervention to increase or
decrease pain

Study2

Arm, Foot

46, 47, 48

11

81

Combination of painful stimuli
with heat-predictive visual cues
for low, medium, and high pain

Study3

Arm

47, 48, 49

8 and 11

36

Heat stimuli were intermixed
with physically and emotionally
aversive sound stimuli

Study4

Arm

41.1-471

10

64

Combination of painful stimuli
with heat-predictive auditory
cues

Study5

Arm

46, 47, 48

11

48

Combination of painful stimuli
with heat-predictive visual cues
and with a placebo manipulation

Study6

Leg

48, 49

1.85

70

Combination of painful stimuli
with heat-predictive visual cues

Study7

Arm

44.7,46.7

10

64

Combination of painful stimuli
with intervention for perceived
control (making vs. observing
cue choice) and expectancy
(80% vs. 50% probabilities of
low pain)

Study8

Leg

48, 49, 50

1.85

96

Combination of painful stimuli
with heat-predictive visual cues
and unreinforced social
information

Study9

Leg

46, 47, 48

12

30

Combine painful stimuli with
neural feedback on suppressing
NPS activity

Study10

thumbnail

4,7
kg/cm2*

Data collected in the context of
a randomized controlled ftrial,
including a psychotherapy
treatment, placebo treatment,
and treatment-as-usual control

group

*Study 10 delivered pressure rather than thermal stimulation.
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Figure Captions
Figure 1. NPS pattern and measurement properties. (A) The multivariate brain pattern of
NPS. The map shows thresholded voxel weights (at q<0.05 false discovery rate (FDR)) for
display only; all weights were used in the subsequent analyses. An example of JACC/SMA
unthresholded patterns is presented in the insets; small squares indicate individual voxel
weight. Ins denotes Insula, V1 primary visual area, S2 secondary somatosensory cortex,
ACC anterior cingulate cortex, Thal thalamus, STS superior temporal sulcus, PCC posterior
cingulate cortex, LOC lateral occipital complex, and IPL inferior parietal lobule. Direction is
indicated with preceding lowercase letters as follows: r denotes right, | left, d dorsal, p
posterior, pg perigenual. (B) Four types of NPS effect size. Each big dot represents a type
of averaged effect size of studies 1 to 8; the vertical bar represents the standard error; each
small dot represents the effect size of one study. See Figure S1 for the tests of each study.
See Figure S2 for the effect sizes of local regions of the NPS. (C) Short-term test-retest
reliability of subjective pain reports, NPS, and local regions. Each big dot represents the
mean reliability of studies 1 to 8; the vertical bar represents the standard error; each small
dot represents the reliability of one study. The downward-pointing arrows indicate ICC < 0.
See Figure S3 for the illustration of short-term test-retest reliability of the NPS and subjective
pain reports. (D) lllustration of longer-term test-retest reliability of NPS with a 5-day
interval. Correlations of the NPS responses between session 1, session 2 and session 3 in
study 9 (ICC = 0.73). Each dot represents one participant; the line represents the linear
relationship between the NPS response in sessions 1, 2 and 3, and the shadow represents
the standard error. (E) lllustration of longer-term test-retest reliability of NPS with a 1-
month interval. Correlation of the NPS responses between session 1 and session 2 in the
treatment-as-usual control group of study 10 (ICC = 0.46). Each dot represents one
participant; the line represents the linear relationship between the NPS response in sessions

1 and 2, and the shadow represents the standard error. *** p < 0.001; ** p<0.005.

Figure 2. Factors that influence the reliability of the NPS response (left column) and
subjective pain reports (right column). The small numbers from 1 to 10 correspond to studies
1 to 10. (A) The Influence of the trial number and time interval between sessions. The
ICC values were calculated based on different trial numbers. Each line with color shows the
nonlinear relationship between the trial number and the ICC values of the corresponding
study (fitted using the loess function in R). The ICC values estimated with less than 10
participants were excluded due to poor estimation. The black line showed the average of
studies 1 to 8, which was weighted by the square root of the number of participants in each
study. The grey shadow presents the standard error, which was also weighted by the square

root of the number of participants in each study. On average, to achieve excellent reliability,
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at least 60 trials were required to calculate the NPS response. Reliability was comparable in
studies 9 and 10 with a longer time interval across 5-day and 1-month given the same
number of trials (trial number = 30 and 5). The reliability of pain reports were excellent in
general but were poor in study 10. (B) The influence of the temperature of the heat
stimuli. Only participants with more than 4 trials in each temperature were included in the
ICC calculation. The ICC values estimated with less than 13 participants were excluded due
to poor estimation. Under these criteria, the study 4 and 7 were with no ICC value presented
in the plot. NPS responses are more reliable in higher temperature stimuli. Whereas pain
reports are reliable across all temperature stimuli. (C) The influence of the types of
contrast. The larger dots represent the ICC values of the measurements calculated by
comparing a temperature condition with the baseline, and the smaller dots represent the ICC
values of the measurements calculated by comparing a temperature condition with the
lowest temperature condition in each study. The length of the dashed line represents the
difference between the ICC values of measurements calculated with different types of
contrast. The downward-pointing arrow indicates ICC < 0. The measurements calculated by
comparing with a control condition are less reliable than by comparing with the implicit

baseline in virtually every case.

Figure 3. Summary of variances and factors that influence the effect size and reliability. (A)
Different sources of variance at the between-person level for the NPS and self-report
pain. Rectangles represent the observed variables, i.e., pain reports and NPS. Ellipses
represent the latent variables that we aim to measure, i.e., the core nociceptive feeling. The
circle represents sources of variance that add to each observed measure. Both pain reports
and NPS activity measure the core nociceptive circuits that generate pain experience.
However, different sources of variance at the between-person level reduce the correlation
between pain reports and the NPS response. It suggests that the NPS is not as useful as a
surrogate measure for pain reports. In contrast, the NPS could be useful as an objective
biological target to measure physiological pain in combination with subjective pain reports.
(B) Factors that influence reliability. Rectangles represent the observed variables, such
as the NPS response, across different sessions. Ellipses represent the latent variables that
we are interested in modeling. Results suggest that stimuli with larger effect sizes have
higher test-retest reliability, indicated by the up red arrow, and have the same effect on all
sessions, indicated by n. Some active change across sessions could decrease the test-
retest reliability, indicated by the down blue arrow. They might have different effects on
different sessions, indicated by a4, az, and a,. The circle represents the measurement error
that could decrease the test-retest reliability, indicated by the down blue arrow. There might

be different errors on different sessions, indicated by o4, 02, and On.
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