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SUMMARY
Identifying neural biomarkers of pain has long been a central theme in pain neuroscience. Here, we review the
state-of-the-art candidates for neural biomarkers of acute and chronic pain. We classify these potential neu-
ral biomarkers into five categories based on the nature of their target variables, including neural biomarkers of
(1) within-individual perception, (2) between-individual sensitivity, and (3) discriminability for acute pain, as
well as (4) assessment and (5) prospective neural biomarkers for chronic pain. For each category, we provide
a synthesized review of candidate biomarkers developed using neuroimaging techniques including func-
tional magnetic resonance imaging (fMRI), structural magnetic resonance imaging (sMRI), and electroen-
cephalography (EEG). We also discuss the conceptual and practical challenges in developing neural bio-
markers of pain. Addressing these challenges, optimal biomarkers of pain can be developed to deepen
our understanding of how the brain represents pain and ultimately help alleviate patients’ suffering and
improve their well-being.
INTRODUCTION

Pain, especially chronic pain that persists after the usual

healing period,1 is a huge public health issue and imposes sub-

stantial socioeconomic burdens worldwide. Chronic pain afflicts

approximately 30% of the world’s population2–5 and causes

hundreds of billions of dollars of economic costs each year in

some countries.6–8 However, pain is essentially subjective and

self-reports are generally regarded as the final arbiter of how

much pain one is experiencing.9 Despite decades of dedicated

research, it remains a mystery how the brain generates the

pain experience. Driven by theoretical curiosity and clinical ne-

cessity, identifying neural biomarkers of pain has long been

one of the main themes in pain neuroscience. Such biomarkers

not only help reveal the neural underpinnings of pain10 but also

assist in developing effective pain treatments to improve pa-

tients’ well-being.11

By definition, neural biomarkers are neural characteristics

‘‘measured as an indicator of normal biological processes, path-

ogenic processes, or biological responses to an exposure or

intervention, including therapeutic interventions.’’12 An ideal

pain neural biomarker should possess at least three key proper-

ties: (1) highmodel sensitivity, accurately indicating the presence

or severity of pain when pain is present; (2) high model speci-

ficity, correctly indicating the absence of pain when pain is ab-

sent; and (3) strong model generalizability, applicable to inde-
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pendent groups different from those in which the biomarker

was developed.13 Using noninvasive neuroimaging techniques

on the central nervous system like magnetic resonance imaging

(MRI) and electroencephalography (EEG), decades of research

have developed numerous candidates for neural biomarkers of

pain.14–20 These biomarkers can be classified into two general

categories: biomarkers of acute pain and chronic pain (Figure 1).

Importantly, acute pain and chronic pain do not necessarily have

shared biomarkers. In fact, their biomarkers are often distinct.21

Depending on whether they capture the states or traits of pain,

acute pain biomarkers can be dichotomized into biomarkers of

within-individual pain perception and between-individual pain

sensitivity.22 In this review, biomarkers of within-individual pain

perception are defined as those that respond to pain but not

to non-pain perception and closely track different levels of pain

perception at the within-individual level.20 Biomarkers of be-

tween-individual pain sensitivity are defined as those that predict

individual differences in perceiving the same nociceptive stim-

uli.16 The distinction between within-individual pain perception

and between-individual pain sensitivity is not always recognized

in the literature, but has been highlighted recently due to their

conceptual and neuropsychological differences.22 Conceptu-

ally, within-individual pain perception reflects momentary pain

states, varying on a short timescale and influenced by momen-

tary psychological and physiological factors. In contrast, while

not completely unchanging, between-individual pain sensitivity
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Figure 1. Typology of biomarkers of pain

Different types of neuroimaging-based biomarkers can be discerned for acute pain and chronic pain. For acute pain induced by transient noxious stimuli (e.g.,

radiant thermal laser, contact heat, and electrical stimuli) and tonic noxious stimuli (e.g., cold pressor and capsaicin), biomarkers are developed to distinguish

pain from non-pain states and track pain severity (i.e., within-individual pain perception), or predict individual differences in pain sensitivity and discriminability.

For chronic pain like chronic back pain andmigraine, assessment biomarkers are identified to distinguish patients with chronic pain from healthy individuals or to

identify patients with different subtypes of chronic pain (diagnostic), assessing the status of chronic pain like the severity of spontaneous pain or pain attack/free

periods (monitoring); prospective biomarkers are developed to predict pain chronification (susceptibility/risk), recovery (prognostic), and responses to treatments

(predictive). Using noninvasive neuroimaging techniques like magnetic resonance imaging (MRI) and electroencephalography (EEG) to sample brain activities

and analysis methods like machine learning algorithms to build models, numerous potential neural biomarkers of pain have been developed. Any pain neural

biomarker can be assessed in terms of model sensitivity, model specificity, and model generalizability.
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is more of a characteristic pain trait, remaining relatively stable

over time and mainly influenced by disease and other long-last-

ing conditions.22,23 Within-individual pain perception and be-

tween-individual pain sensitivity can also have different neural

correlates. For example, many EEG responses to pain seem to

only encode within-individual pain perception but not between-

individual pain sensitivity.16

Importantly, pain sensitivity can be further categorized into

two subtypes: absolute and differential sensitivities, correspond-

ing to the absolute and difference thresholds in classical psycho-

physics.24 Absolute pain sensitivity refers to the characteristic of

an individual that is reflected by the amount of pain they
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feel when exposed to nociceptive stimuli of the same physical

intensity.25 Differential pain sensitivity pertains to individual dif-

ferences in the ability to discriminate between two or more noci-

ceptive stimuli of different physical intensities.26 In pain neuro-

science, ‘‘pain sensitivity’’ typically denotes absolute pain

sensitivity.27 To follow this convention and highlight the distinc-

tion between absolute and differential pain sensitivities, here

we define ‘‘pain sensitivity’’ as absolute pain sensitivity and

‘‘pain discriminability’’ as differential pain sensitivity. A biomarker

of pain sensitivity should thus be able to distinguish individuals

experiencing more pain from those experiencing less pain

when they receive the same nociceptive stimuli.16 A biomarker



Figure 2. Neuroimaging features for bio-

markers of pain

Magnetic resonance imaging (MRI) and electroen-

cephalography (EEG) are the primary techniques

used to develop neuroimaging-based biomarkers of

pain. Different functional MRI (fMRI), structural MRI

(sMRI), and EEG features can be extracted to

identify biomarkers of pain.
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of pain discriminability should indicate how well a person can

discriminate between two ormore nociceptive stimuli of different

physical intensities.26 Previous studies have associated pain

sensitivity and discriminability with chronic pain, suggesting clin-

ical relevance of their biomarkers. For example, high pain sensi-

tivity is a risk factor of chronic pain,27–29 and normal pain sensi-

tivity has been associated with better treatment outcomes.30

Furthermore, patients with chronic pain have been shown to

have lower pain discriminability compared with healthy individ-

uals,31–34 and higher pain discriminability prior to treatment has

been related to better recovery after pain treatment.35,36 Bio-

markers of pain sensitivity and discriminability may thus aid in

the early screening of at-risk individuals and prediction of treat-

ment outcomes. Due to the association between pain sensitivity/

discriminability and chronic pain, biomarkers of pain sensitivity/

discriminability may also inform the development of biomarkers

of chronic pain.

Biomarkers of chronic pain are concerned with how chronic

pain develops, maintains, is diagnosed or treated. In this

context, two broad types of biomarkers, assessment and pro-

spective biomarkers, can be identified depending on whether

the focus is the current state or future.37 Assessment biomarkers

are concerned with the current state of chronic pain. They can be

further classified into those distinguishing patients with chronic

pain from healthy individuals or identifying patients with different

subtypes of chronic pain (i.e., diagnostic biomarker in the well-
Cell Reports
established 2016 FDA-NIH Biomarker

Working Group glossary BEST [Bio-

markers, EndpointS, and other Tools

Resource]), and those assessing the status

of chronic pain like the severity of sponta-

neous pain or pain attack/free periods

(i.e., monitoring biomarker in the BEST tax-

onomy).17 On the other hand, prospective

biomarkers are future oriented, consisting

mainly of those indicating whether a

certain individual will develop chronic

pain (i.e., susceptibility/risk biomarker in

the BEST taxonomy)14 and whether pa-

tients with chronic pain will recover or

deteriorate (i.e., prognostic biomarker in

the BEST taxonomy), or respond to treat-

ments (i.e., predictive biomarker in the

BEST taxonomy).38 Assessment and pro-

spective biomarkers serve distinct clinical

purposes, one for the diagnosis of existing

chronic pain, the other for the prediction of

future clinical events (e.g., development of
chronic pain, recovery/progression, or response to treatment).

Therefore, assessment biomarkers are not necessarily prospec-

tive biomarkers, and vice versa. Note that this classification con-

cerns only the purpose of different biomarkers. Different condi-

tions of chronic pain can have entirely different biomarkers of a

certain category. For example, there may be a diagnostic

biomarker for low back pain and another diagnostic biomarker

for fibromyalgia.

Although clinically applicable pain biomarkers are still rare, de-

cades of research have proposed numerous pain biomarker

candidates. In this review, we adhere to the typology introduced

earlier (Figure 1) and evaluate available candidates for neural bio-

markers of pain in each category according to the three key

properties of ideal biomarkers. Our focus is on biomarkers devel-

oped using noninvasive neuroimaging techniques, including

functional MRI (fMRI), structural MRI (sMRI), and EEG (Figure 2).

We first discuss neural biomarkers of acute pain, including

phasic pain and tonic pain. We then provide a summary of

assessment and prospective biomarkers of chronic pain. Finally,

we discuss challenges and future directions in the development

of clinically useful neural biomarkers of pain (Figure 3).

BIOMARKERS FOR ACUTE PAIN

Acute pain arises from actual or potential tissue damage that

typically subsides once the underlying cause is resolved. It
Medicine 5, 101784, October 15, 2024 3



Figure 3. Challenges of and viable solutions to developing pain biomarkers

Developing biomarkers of pain faces conceptual and practical challenges. Conceptual challenges include the multidimensional nature of pain, huge hetero-

geneity of chronic pain, and few causal biomarkers. To address these challenges, future studies can develop different biomarkers for different dimensions of pain

and individual chronic pain condition and adopt cross-species approaches to test the causal relationship between potential biomarkers and pain. Practical

challenges include that most biomarkers still have few real clinical applications and deficient performance for clinical use, and the other is their low economic

cost-effectiveness, which poses constraints on their widespread implementation in clinical settings. Future studies can conduct more direct investigations on

clinically useful biomarkers, develop composite biomarkers, and train more powerful machine learning models.
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serves as a warning signal for the body, yet it can progress to

chronic pain if not properly managed.39 Based on its duration,

acute pain can be categorized into phasic pain and tonic pain.

Phasic pain is fast rising and short lived, while tonic pain is

more long lasting.40

Phasic pain
Phasic pain can be easily induced in the laboratory using noxious

stimuli such as thermal stimuli (e.g., radiant thermal laser and

contact heat), electrical stimuli, and mechanical stimuli (e.g.,

pinprick). These stimuli can be readily applied and removed

without causing real tissue damage, making them widely used

in pain research.41

MRI-based biomarkers of phasic pain

Phasic pain stimuli activate awide range of brain areas, including

but not limited to the primary somatosensory cortex (S1), sec-

ondary somatosensory cortex (S2), insula, anterior cingulate cor-

tex (ACC), prefrontal cortex (PFC), and thalamus.42–44 Numerous

neuroimaging studies have established a close link between ac-

tivations in these areas and pain perception.45–48 Activations in

these areas increased with stimulus intensity of painful stimuli49

and perceptual pain ratings.50–54
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Some studies have also developed multivariate machine

learning models to predict pain perception based on brain acti-

vation patterns.20,55,56,57,58 Marquand et al.55 were the first to

illustrate how whole-brain fMRI data could be used to classify

pain vs. non-pain states and predict continuous pain ratings

with greater accuracy than using any single brain area alone. A

notable study by Wager et al.20 developed a model termed the

Neural Pain Signature (NPS) and comprehensively evaluated

the model’s performance. The NPS primarily includes activation

patterns in pain-related areas such as the bilateral dorsal poste-

rior insula, anterior insula, S2, ventrolateral thalamus, medial

thalamus, hypothalamus, and dorsal ACC. They found that the

NPS could accurately distinguish heat pain from warm stimuli,

physical pain from pain anticipation/recall and social rejection,

as well as predict perceptual ratings of pain. By controlling for

stimulus intensity, Woo et al.56 identified an activation pattern

(stimulus intensity independent pain signature-1, SIIPS1) that in-

cludes activations in the nucleus accumbens (NAc), lateral PFC,

parahippocampal cortex, and other regions. SIIPS1 not only pre-

dicted trial-by-trial pain ratings independent of the physical in-

tensity of pain stimuli but also mediated the modulating effects

of expectations and perceived control on pain.
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However, it is a logical fallacy (i.e., reverse inference) to infer

the presence of pain based on the activation of brain areas

that can be activated by noxious stimuli.59,60 Reverse inference

can be corrected only if the corresponding brain activity is pain

selective, that is, it is absent when there is no pain. Importantly,

some studies have questioned the pain selectivity of these pain-

related brain areas, suggesting that their activity encodes stim-

ulus salience rather than pain per se.61,62 For example, Mouraux

et al.63 found substantial overlap between brain activations

induced by painful, tactile, auditory, and visual stimuli. Further

analyses suggested that activations in the pain-related brain

areas could be largely explained by brain responses common

to multiple sensory modalities. Nevertheless, these findings do

not conclusively rule out the possibility of some brain activity

selectively encoding pain. A recent study identified some brain

regions exclusively activated by painful stimuli rather than non-

painful stimuli, including part of the cingulate gyrus, precuneus,

supplementary motor area (SMA), and dorsolateral and medial

superior frontal gyri.64 By manually matching stimulus intensity,

Su et al.65 also found that painful laser stimuli induced stronger

activations in the Rolandic operculum, SMA, middle frontal gy-

rus, and inferior frontal gyrus than non-painful electrical stimuli.

Similarly, Horing et al.66 controlled the salience of thermal pain

and auditory stimuli using skin conductance and found that the

posterior parietal operculum selectively correlated with percep-

tual pain ratings. Using machine learning algorithms, some

studies have also identified brain patterns seemingly uncon-

founded by stimulus salience. For example, Liang et al.67 found

that activity patterns composed of certain voxels within the thal-

amus, insula, ACC,mid-cingulate cortex (MCC), SMA, and brain-

stem could accurately distinguish between salience-matched

painful and non-painful stimuli. Furthermore, Tu et al.68 found

an activation pattern in the medial-dorsal thalamus that selec-

tively responded to painful stimuli rather than non-painful tactile,

auditory, and visual stimuli, even after controlling for stimulus

salience. Overall, the pain-related areas appear to be function-

ally heterogeneous, with at least part of them potentially consti-

tuting selective biomarkers of pain perception.

Many brain regions related to within-individual pain perception

are also involved in between-individual pain sensitivity. A semi-

nal study by Coghill et al.69 found that the subgroup of healthy

participants with high pain sensitivity exhibited stronger activa-

tions in the S1, ACC, and PFC compared to the subgroup with

low pain sensitivity. However, a recent study with a large sample

size (n = 101) yielded inconsistent results, showing no significant

correlation between pain sensitivity and fMRI responses in any

brain area.70 Furthermore, machine learning models based on

brain activations failed to predict pain sensitivity.70 Unsurpris-

ingly, this study ignited intense debate and inspired other

large-scale studies to unveil the seemingly mysterious relation-

ship between brain activations and pain sensitivity.71,72 Using

five large fMRI datasets (total n = 1,010), Zhang et al.72 demon-

strated that pain sensitivity was robustly correlated with activa-

tions in a wide range of brain regions, including the S1, S2,

ACC, insula, thalamus, and cerebellum, but only when the sam-

ple size reached nearly 300. They also trained amachine learning

model that could predict individual differences in sensitivity to

laser heat, contact heat, and mechanical pain.72 Brain activa-
tions thus may function as biomarkers of pain sensitivity,

although they do not seem to be particularly pain selective, since

they also correlated with tactile sensitivity.72

Apart from brain activations, resting-state functional connec-

tivity (FC) between brain areas during the pain-free period also

holds promise for indexing pain sensitivity, although it often lacks

pain selectivity. One study developed machine learning models

using FC to predict pain sensitivity, with the media-frontal and

frontoparietal networks being the most predictive.73 Another

study built a predictive model with contributions from FC be-

tween the posterior putamen and parietal operculum/posterior

superior temporal gyrus, and between the cerebellum and

various cortical areas, and demonstrated this model’s generaliz-

ability in three independent datasets.19 In addition to raw FC,

pain sensitivity has also been related to other derived measures

from FC, such as the local clustering coefficients74 and spatial

gradients of FC75 in the insula, and the occurrence frequency

of a default mode network-dominated state.76

Brain morphology has also been related to pain sensitivity. An

early study found that the thickness of S1 was positively corre-

lated with cold pain sensitivity, and the thickness of S1, MCC,

and orbital frontal cortex (OFC) was positively correlated with

heat pain sensitivity.77 Later studies linked pain sensitivity with

morphological features like volume and density of gray matter

in other areas such as the insula, rostral ACC, precuneus, thal-

amus, and parahippocampus.74,78–81 Although some areas like

the precuneus exhibited consistent correlations with pain sensi-

tivity,79,81 both positive77,80 and negative correlations77,78 have

been reported between gray matter morphology and pain sensi-

tivity. One explanation for this discrepancy could be the hetero-

geneity in the relationship between pain sensitivity and gray mat-

ter features in different brain areas. Some studies have

developed multivariate machine learning models to predict

pain sensitivity using morphological brain features.78,82 A model

by Zou et al.82 leveraged morphological connectivity in addition

to gray matter volume and exhibited excellent predictive power.

One recent study combined brain morphology with resting-state

FC and identified a covarying structural and functional brain

pattern associated with cold pain sensitivity,83 highlighting the

potential of incorporating multimodal neuroimaging data in the

development of pain biomarkers.

In contrast to within-individual pain perception and between-in-

dividual pain sensitivity, neural biomarkers of pain discriminability

have received considerably less attention in the literature. One

recent study observed that activation differences between high-

and low-pain conditions in most pain-related brain regions (e.g.,

the S1, S2, ACC, insula, and thalamus) selectively correlated

withpaindiscriminability, butnot tactile,auditory, orvisualdiscrim-

inability.26 This study also developed a machine learning model

based on brain activations that significantly predicted pain dis-

criminability, but not sensory discriminability in non-pain modal-

ities. In agreement with these findings, the NPS response differ-

ences between high- and low-intensity pain stimuli also showed

significant correlations with pain discriminability.84 These consis-

tent findings imply that activity in regions typically related to pain

processing could also serve asbiomarkers of pain discriminability.

In summary, numerous MRI-based biomarker candidates

have been developed for within-individual pain perception,
Cell Reports Medicine 5, 101784, October 15, 2024 5
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between-individual pain sensitivity, and pain discriminability.

The model sensitivity of these potential biomarkers is generally

good. For biomarkers of pain perception, their model specificity

remains questionable and needs further testing. Indeed, only a

few biomarkers of pain perception have explicitly addressed

the confounding effects of stimulus salience and showed good

model specificity.67,68 The model generalizability of pain percep-

tion biomarkers appears robust, as evidenced by countless in-

dependent studies using different painful stimuli. For biomarkers

of pain sensitivity, the model specificity is a critical issue, as

nearly all such biomarkers are either not pain selective or have

not been tested for pain selectivity. The model generalizability

of pain sensitivity biomarkers appears good, at least in some

large-scale studies with multiple datasets.19,72 Biomarkers of

pain discriminability remain severely under-investigated. The

only available biomarker has shown reasonably good model

specificity and generalizability,26 but further validation from addi-

tional studies is needed.

EEG-based biomarkers of phasic pain

Phasic noxious stimuli like nociceptive laser could evoke a

plethora of electrophysiological responses, such as event-

related potentials (e.g., the N2-P2 complex) and event-related

synchronization/desynchronization (ERS/ERD) at different fre-

quencies (e.g., a- and g-band oscillations). These responses

have been widely utilized to decode pain perception in both hu-

mans23,85–90 and animals.91,92 Event-related potentials like N2

and P2 waves have been well documented to be associated

with pain perception.93,94 Based on single-trial N2 and P2 fea-

tures, machine learning models have also been developed to

predict within-individual pain perception,85 which not only accu-

rately distinguished high and low pain states but also predicted

continuous perceptual ratings. However, a crucial problem of us-

ing event-related potentials as biomarkers of pain perception is

that they are heavily affected by stimulus salience and, therefore,

are not pain selective.95–98 Alpha-band ERD (a-ERD) has been

associated with pain perception,99–102 but it does not seem to

selectively encode pain perception, since it can also be evoked

by various non-painful sensory stimuli.16 In contrast, gamma-

band ERS (g-ERS) appears more pain selective. An early study

by Gross et al.15 demonstrated that g-ERS correlated with

perceived pain ratings and was larger when stimuli at the pain

threshold were perceived as painful than when they were

perceived as non-painful. Importantly, the correlation between

g-ERS and pain perception has been shown to be unconfounded

by stimulus salience.103 Furthermore, optogenetically induced

g-ERS in the S1 amplified pain-related behaviors in animals, af-

firming its causal role in pain perception.104 g-ERS may thus

represent a promising selective biomarker of pain perception

with significant translational value.

Unlike within-individual pain perception, fewer studies have

investigated the relationship between phasic pain-evoked brain

responses and between-individual pain sensitivity. An early

study with a small sample size of 18 reported a correlation be-

tween laser-evoked potentials (LEPs) and pain sensitivity.23

However, a larger scale study with 96 participants yielded incon-

sistent findings, showing no predictive power of LEPs on pain

sensitivity.16 On the other hand, both studies illustrate that

g-ERS contributed to models predictive of pain sensitivity.16,23
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Animal studies also confirmed the link between g-ERS and indi-

vidual differences in pain-related behavior in rodents.105 Impor-

tantly, g-ERS could not encode individual differences in auditory,

visual, and tactile sensitivity, thus showing pain selectivity.16,106

Apart from pain-evoked responses, some studies have explored

biomarkers of pain sensitivity using resting-state EEG features.

For example, the power of resting-state g-band oscillations

has been shown to positively correlate with pain sensitivity.107

Machine learning models using resting-state neural oscillation

power and FC also accurately predicted pain sensitivity.108

Nevertheless, it is unclear whether these findings could be

generalized to different populations, and the pain selectivity of

these resting-state EEG features has not been tested.

Biomarkers of pain discriminability have been even less inves-

tigated. In a rare study directly investigating pain discriminability,

Beck et al.109 found that LEPs could encode individual differ-

ences in pain discriminability. A recent study also found that

LEPs were robustly correlated with pain discriminability.26

Furthermore, this study showed that machine learning models

based on LEPs accurately predicted pain discriminability in inde-

pendent datasets. Crucially, EEG responses evoked by non-

painful tactile, auditory, and visual stimuli did not show robust

correlations with the corresponding sensory discriminability,

suggesting that LEPs may serve as selective biomarkers of

pain discriminability.26

In summary, while EEG biomarkers of within-individual pain

perception generally exhibit reasonably good model sensitivity,

most of them, except for g-ERS, lack model specificity and are

confounded by stimulus salience. g-ERS, although pain selec-

tive, suffers from a low signal-to-noise ratio due to its small

magnitude and susceptibility to muscle artifacts,110 making it

challenging to apply without advanced signal processing. The

model generalizability of these EEG biomarkers is rarely directly

tested but seems to be fairly good due to the independent repli-

cation of their associations with pain perception in numerous

studies. Regarding biomarkers of pain sensitivity, g-ERS stands

out as the only reliable biomarker exhibiting good model sensi-

tivity and model specificity. Its model generalizability, however,

requires further testing with additional independent datasets.

Some resting-state EEG-based biomarkers of pain sensitivity

have been developed, but their model specificity and generaliz-

ability have not been adequately tested. Biomarkers of pain dis-

criminability are rarely explored. Interestingly, in contrast to

within-individual pain perception and between-individual pain

sensitivity, biomarkers of pain discriminability based on LEPs

seem to have acceptable model sensitivity, specificity, and

generalizability. Although further investigation is warranted, the

distinct roles of LEPs and g-ERS in pain perception, pain sensi-

tivity, and pain discriminability suggest that incorporating these

EEG features may provide a promising tool to comprehensively

assess pain.

Tonic pain
Tonic pain is more long lasting and exhibits different qualities of

painful experience compared to phasic pain.111 It can be pro-

duced experimentally by persistent heat, cold pressor, or chem-

icals, such as bee venom and capsaicin. Tonic pain shares expe-

riential and neural characteristics with chronic pain, thus making
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it a valuable experimental model for studying chronic pain. How-

ever, neural biomarkers of tonic pain have received less attention

than those of phasic pain.

MRI-based biomarkers of tonic pain

Similar to phasic pain, tonic pain induces significant brain activa-

tions within pain-related brain areas, including the ACC, thal-

amus, insula, PFC, and periaqueductal gray (PAG).112–115 The

relationship between activations in these areas and pain percep-

tion has also been explored. For instance, La Cesa et al.115

demonstrated that the magnitude of PAG activations exhibited

a negative correlation with perceived pain intensity. Importantly,

these brain activations exhibit dynamic fluctuations correspond-

ing to the evolving experience of tonic pain. In the initial stage of

tonic pain, brain activations were observed in areas such as the

dorsolateral PFC, insula, and dorsal ACC, while in the later stage,

brain activations shifted to areas such as the anterior insula, dor-

sal ACC, and bilateral PFC.112,113

Given the inherently prolonged duration of tonic pain, the

search for biomarkers predominantly relies on findings derived

from FC accompanying tonic pain rather than transient brain ac-

tivations. Using a capsaicin-heat pain model, Meeker et al.116

found that FC between the PAG and subgenual ACC positively

correlated with experienced pain intensity. In a longitudinal study

applying tonic heat pain across four sessions, Deak et al.117

identified two somatosensory networks with distinct functions:

one network, primarily including the bilateral S1, encoded

small fluctuations in temperature, while the other, a right-lateral-

ized network involving the S1, S2, posterior cingulate cortex

(PCC), and thalamus, encoded the perceived pain induced by

tonic heat.

Recently, researchers have also attempted to construct ma-

chine learning models using fMRI signals to track tonic pain. Lee

et al.17 developed a model based on whole-brain dynamic FC to

track experimentally induced tonic pain intensity. This model,

termed the Tonic Pain Signature (ToPS), accurately predicted

within-individual dynamic changes in tonic pain intensity over

time in three datasets. Notably, the ToPS demonstrated greater

responsiveness to tonic pain than to tonic aversive stimuli such

as bitter taste or odor, indicating both model sensitivity and spec-

ificity. Positive weights in the ToPS were mainly associated with

FC among the somatomotor network, frontoparietal network, vi-

sual network, and dorsal attention network, whereas negative

weights were linked to the limbic and paralimbic cortical areas.

In a subsequent study, Lee et al.118 investigated the temporal dy-

namics of brain networks during capsaicin-induced tonic orofacial

pain. They observed that the somatomotor-dominant network

expanded during sustained orofacial pain, incorporating multiple

subcortical and frontoparietal regions. As the pain decreased

over time, the frontoparietal regions dissociated from this

extended somatomotor-dominant network and established con-

nections with several cerebellar areas. A machine learning model

based on these network features showed significant predictions

of pain intensity changes over time, and importantly, the model

could be generalized to an independent tonic pain dataset.

In summary, the search for MRI-based biomarkers of tonic

pain is primarily focused on within-individual pain perception,

with almost no tonic pain biomarkers developed for between-in-

dividual pain sensitivity and pain discriminability. The dynamic
nature of tonic pain, along with its co-occurring cognitive and

emotional factors, makes it challenging to identify biomarkers

based solely on brain activations, which often lack satisfactory

model specificity and generalizability. In contrast, FC, especially

dynamic FC, appears to be more suitable for identifying bio-

markers of tonic pain, as somemodels demonstrate goodmodel

sensitivity and specificity (e.g., ToPS). Despite the low signal-to-

noise ratio of spontaneous neural activity, these analyses could

identify patterns of changes associated with tonic pain, eluci-

dating how tonic pain propagates in the brain and how brain net-

works reconfigure.

EEG-based biomarkers of tonic pain

Like phasic pain, tonic pain perception is also associated with

a suppression of a-band oscillations18,40,119–124 and an

enhancement of g-band oscillations.18,122,125 a-ERDover the so-

matomotor areas contralateral to the noxious stimulation side is

thought to reflect the translation of sustained nociception into

pain perception, as a-ERD mediated the relationship between

duration of the nociceptive stimuli and subjective pain experi-

ence.126 In contrast to g-ERS evoked by phasic pain, g-ERS

evoked by tonic pain occurs at lower frequencies125 and is pri-

marily observed in the medial PFC.18,122 g-ERS was also posi-

tively associated with tonic pain perception.119 A recent intracra-

nial EEG study further demonstrated that g-ERS in areas such as

the ACC, hippocampus, inferior frontal gyrus, medial temporal

gyrus, OFC, and striatum predicted pain intensity at the onset

of tonic heat pain, whereas g-ERS in the amygdala and fusiform

gyrus predicted pain ratings at stimulus offset.127 These findings

suggest that during a tonic painful experience, g-band oscilla-

tions shift from brain areas encoding the sensory-discriminative

aspect of pain to those encoding the emotional-motivational

aspect of pain.40 Notably, the selectivity of neural oscillations

during tonic pain has been questioned. Similar changes in neural

oscillations can also be observed in response to stimuli of other

modalities, such as non-painful cold stimuli128 and warm stim-

uli.119 In addition to neural oscillations, tonic pain induces FC be-

tween brain areas. For instance, Modares-Haghighi et al.129

found that a-band FC in frontoparietal and frontotemporal net-

works was crucial for distinguishing different pain levels.

Very little research has explored biomarkers of between-indi-

vidual tonic pain sensitivity and discriminability, since tonic pain

research mostly focuses on the dynamic changes in within-indi-

vidual pain perception. Nevertheless, Furman et al.130 found that

individuals with high pain sensitivity displayed slower central

peak alpha frequency (PAF) at both pain-free and tonic pain

states, when compared with individuals with low pain sensitivity.

Furman et al.131 further showed that PAF in pain-free state was a

candidate biomarker of pain sensitivity occurring over clinically

relevant timescales (i.e., weeks). In a subsequent study, Furman

et al.132 demonstrated that PAF in pain-free state can success-

fully identify the most pain-sensitive individuals, and this finding

was validated on a separate, independent dataset. A recent

study further combined somatomotor PAF with corticomotor

excitability to distinguish high and low pain-sensitive individuals,

with an excellent performance on both training set (100%) and

test set (88%).133

In summary, EEG-based biomarkers for within-individual tonic

pain perception typically show acceptable model sensitivity.
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However, the model specificity varies greatly across studies, de-

pending on the features included in the models, and the model

generalizability of these biomarkers is rarely directly tested.

Crucially, the low signal-to-noise ratio of spontaneous EEG

signal can potentially impact model performance. To deal with

this issue, future research should employ advanced feature

extraction and data integration methods, such as the inter-sub-

ject correlation method, which originated from fMRI studies to

process neural responses during sustained stimuli, e.g., movies

and music.134 Regarding EEG-based biomarkers of between-in-

dividual tonic pain sensitivity, only one research team conducted

a series of studies to investigate whether PAF holds promise as a

biomarker of tonic pain sensitivity. The model seems to have

reasonably good model sensitivity and its generalizability is vali-

dated, but its model specificity is not addressed. Even so, the

close link between tonic pain and chronic pain suggests that bio-

markers identified for tonic pain have a higher potential for

generalizing to clinical pain than biomarkers for phasic pain.17

BIOMARKERS FOR CHRONIC PAIN

Chronic pain differs from acute pain in terms of pain duration and

neurological bases. Unlike short-lived phasic pain and relatively

long-lasting tonic pain, chronic pain can persist for several years

or even decades,1 leading to pathological alterations in the ner-

vous system.135 Therefore, despite abundant research on acute

pain, directly identifying biomarkers of chronic pain is still crucial.

Such biomarkers are essential for improving the diagnosis, pre-

cision modulation, and personalized treatment of chronic pain.

MRI-based biomarkers of chronic pain
MRI-based assessment biomarkers

MRI-based assessment biomarkers include diagnostic and

monitoring biomarkers.12 Diagnostic biomarkers that distinguish

patients from healthy individuals mainly employ abnormal

alterations in brain activations, resting-state FC, and brain

morphology. Analyzing brain activations in response to painful

stimuli, Baliki et al.136 found that patients with chronic back

pain (CBP) showed reduced responses to the offset of painful

stimuli in the NAc, and NAc activity-based models distinguished

patients from healthy individuals with an accuracy as high as

100%. López-Solà et al.137 developed two models based on

brain activations in response to painful stimuli and non-painful

stimuli, respectively, and combined these two models with the

NPS to distinguish patients with fibromyalgia from healthy con-

trols, achieving remarkable model sensitivity (92%) and model

specificity (94%). The model based on pain activations was

characterized by increased activity in patients with fibromyalgia

in areas like the S2, middle insula, and dorsomedial PFC, high-

lighting the association between pathological alterations in these

areas and fibromyalgia.

Many studies have also attempted to identify diagnostic bio-

markers with resting-state FC. For instance, Tu et al.138 identified

abnormal FC between the medial PFC and brain regions within

the default mode network and other brain networks in patients

with CBP. They developed an FC-based model that successfully

discriminated patients with CBP from healthy controls in two in-

dependent datasets. In addition to static FC, Tu et al.139 further
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employed dynamic FC measures and identified abnormal thala-

mocortical network dynamics in patients with CBP. They found

that patients with CBP stayed longer in a state of increased FC

between the lateral nucleus of thalamus and somatosensory net-

works and decreased FC between the medial nucleus of thal-

amus and insula, compared to healthy controls. Similarly, the

ToPSmodel established by dynamic FCs during tonic pain could

classify patients with CBP and healthy controls, achieving accu-

racies of 71% and 73% in two independent datasets.17 To diag-

nose migraine, other studies showed that FC of regions such as

the middle frontal gyrus, PFC, OFC, temporal pole, superior and

middle temporal gyrus, ACC, MCC, insula, and amygdala

contributed significantly to classifiers that differentiate individ-

uals with migraine from healthy controls.140–142 Notably, Chong

et al.140 showed that patients with a longer duration of migraine

(>14 years) could be more accurately distinguished from healthy

controls compared to patients with a shorter duration of

migraine. This finding suggests that prolonged migraine epi-

sodesmay lead tomore profound reorganization of brain FC pat-

terns, highlighting the importance of considering clinical indices

in the search for biomarkers of chronic pain.

Alternations in brain morphology have also been utilized to

develop candidate diagnostic biomarkers.143 Ung et al.144 distin-

guished patients with CBP and healthy controls with an accuracy

of 76% using a machine learning model, which was based

on gray matter density patterns in brain regions such as the

S1, S2, motor cortex, PFC, insula, and ACC. Likewise, Labus

et al.145 developed a model to distinguish patients with irritable

bowel syndrome from healthy controls using morphological fea-

tures like cortical thickness in the left S1 and mean curvature in

the right primary motor cortex, achieving an overall predictive

accuracy of 70%.

In addition to distinguishing patients with chronic pain from

healthy controls, identifying diagnostic markers that can distin-

guish between disease subtypes is also a matter of concern. Pa-

tients with migraine without aura (MWoA) and migraine with aura

(MWA) were confirmed to be different in blood-oxygen-level-

dependent responses to visual stimuli146 and expression of the

visual resting-state FC.147 In a recent study, Liu et al.148 inte-

grated clinical measurements and whole-brain FC to identify

two migraine subgroups based on a clustering approach. These

subgroups differed in headache frequency and self-ratings of

depression, and between-group differences in FCs were pre-

dominantly related to the amygdala, thalamus, hippocampus,

and parahippocampal area.

Candidate monitoring biomarkers have also been developed

to predict the severity of spontaneous pain in patients with

chronic pain. ToPS, which could distinguish patients with CBP

and healthy controls, has also been shown to successfully pre-

dict between-individual differences in pain severity among pa-

tients with CBP.17 Brain features, such as elevated regional ce-

rebral blood flow in the thalamus, PFC, and PCC, as well as

increased FC between the S1 and the frontoinsular cortex,

have also been identified to classify high vs. low pain intensity

states in patients with CBP.149 Notably, monitoring biomarkers

for classifying patients with different pain severity are not neces-

sarily the same as diagnostic biomarkers for distinguishing pa-

tients from healthy controls. For instance, Zhang et al.150 found
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that the amplitude of low-frequency fluctuations (ALFFs) of para-

central lobule/SMA reliably contributed to discriminate patients

with CBP from healthy controls, while pain intensity change

induced by pain-exacerbating maneuvers in subjects with CBP

was negatively correlated with ALFF change of medial PFC/

rostral ACC.

MRI-based prospective biomarkers

Prospective biomarkers of chronic pain include susceptibility/

risk, prognostic, and predictive biomarkers.12 Susceptibility/

risk biomarkers of pain chronification can assist in the early

screening of patients likely to develop chronic pain. Typically,

the identification of these biomarkers is based on longitudinal

studies, which track patients over a long period of time to

observe the progression from acute to chronic pain. A pioneer-

ing study by Baliki et al.14 observed that the magnitude of FC in

frontostriatal circuits, specifically between the NAc and medial

PFC, was increased in patients with CBP. This increased FC

could predict the transition from subacute to chronic back

pain one year later. These findings were further validated in

an independent dataset, demonstrating the replicability of the

predictive power of the NAc-medial PFC circuit on back pain

chronification. Additionally, the volume of NAc shrank only in

patients with subacute lower back pain who transitioned to

CBP compared to those who did not and to healthy controls.

A follow-up research identified a white matter fractional anisot-

ropy difference which could also predict the chronification of

subacute back pain groups one year later.151 Furthermore,

higher white matter connectivity and FCs within the dorsal

medial PFC-amygdala-accumbens circuit, as well as smaller

amygdala volume, together accounted for 60% of the variance

for pain persistence.152 These studies support the notion that

neuroanatomical differences predispose individuals with acute

pain to pain chronification.151,152

Prognostic biomarkers of chronic pain aim to predict which

patients with chronic pain would improve or deteriorate over

time. At present, few studies have focused on this topic. Kutch

et al.153 reported that the resting-state FC between the left fron-

tal and left parietal lobes significantly predicted improved vs.

non-improved patients with urologic chronic pelvic pain syn-

drome over three months, indicating that it may be a promising

prognostic biomarker.

Predictive biomarkers help identify patients who would

respond to treatment. Tétreault et al.154 reported that a classifi-

cation model developed with right midfrontal gyrus connectivity

could differentiate responders and non-responders to the pla-

cebo therapy with an area under the curve (AUC) at 95% in pa-

tients with knee osteoarthritis (OA), but that model could not

identify the responders and non-responders to the duloxetine

(AUC = 33%). In contrast, a positive correlation was found

between right parahippocampal gyrus connectivity and the

placebo-corrected analgesic response to duloxetine.154 The

distinct neural circuits engaged by different treatments suggest

that it may be better to develop treatment-specific predictive

biomarkers rather than treatment-general predictive biomarkers.

In summary, many biomarker candidates for chronic pain have

been developed based on alternations of brain structure, func-

tion, and connectivity patterns in patients with chronic pain.

Themodel sensitivity of these biomarkers is typically good. How-
ever, the model specificity of these biomarkers normally needs

further testing with datasets encompassing a variety of pain con-

ditions. Biomarkers identified within one specific pain condition

or treatment may not fully encapsulate the complexity of other

types of chronic pain, limiting their generalizability across

different pain conditions. One approach to tackling this chal-

lenge is to build specialized models for each chronic pain condi-

tion and ensure high model specificity to this specific pain

condition.

EEG-based biomarkers of chronic pain
EEG-based assessment biomarkers

Previous studies have utilized evoked responses, spontaneous

oscillations, and spectral FCs to develop EEG-based diagnostic

biomarkers.155 Some EEG responses to exogenous stimuli show

potential to function as diagnostic biomarkers. Lenoir et al.156

summarized 18 studies that recorded neural responses evoked

by nociceptive stimuli in patients with various types of chronic

pain (e.g., tension-type headache, low back pain, and fibromyal-

gia). Most studies found no significant difference in the latency

and amplitude of pain-evoked brain responses (e.g., N2 and

P2 waves in LEPs). Only patients with chronic neuropathic

pain157 and fibromyalgia158 with small fiber dysfunction showed

a decreased amplitude of N2 and P2 waves compared to the

healthy population, suggesting that thin fiber dysfunctions

contribute to the abnormalities in these brain responses. In addi-

tion to noxious stimuli, event-related potentials evoked by cogni-

tive tasks159 have also been utilized to diagnose chronic pain.

For instance, pain-related faces evoked an enhanced P2 ampli-

tude and decreased N2a amplitude in patients with fibromyalgia

as compared to healthy controls.159

Candidate diagnostic biomarkers have also been developed

with spontaneous EEG oscillations. Zebhauser et al.160 reviewed

30 studies comparing brain oscillations between patients with

chronic pain and healthy controls. They reported that 46.67%

of the studies indicated higher activity in both q- and b-bands.

Importantly, even within a single type of chronic pain, substantial

heterogeneity exists across studies. Mussigmann et al.161 sum-

marized 10 studies exploring changes in b-band oscillations for

chronic neuropathic pain, showing that five studies reported no

significant change, two reported decreases, and three reported

increases in beta activity.

Spectral FCs have been widely used to identify diagnostic bio-

markers as well. A study involving 101 patients with chronic pain

and 84 healthy controls showed that patients with chronic pain

exhibited significantly increased connectivity in q and g-bands

within the PFC,162 which was involved in the pathophysiology

of chronic pain. Besides, patients with painful diabetic polyneur-

opathy (DPN) exhibited higher cortical FC in q- and b-bands

compared to patients with non-painful polyneuropathy.163 Sub-

types of a certain pain conditionmay also be diagnosed by spec-

tral FCs. For instance, the resting-state FC metrics effectively

differentiated between patients with MWA andMWoA, achieving

an average classification accuracy of 84.62%.164 Patients with

MWoA exhibited significantly higher q-band FC at rest compared

to patients with MWA.164

Similar to diagnostic biomarkers, EEG-based monitoring

biomarkers also rely on evoked responses, spontaneous
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oscillations, and spectral FCs. Evoked EEG responses are often

used to monitor pain states, particularly in patients who are sen-

sitive to external stimuli, such as patients with migraine. Zhu

et al.165 trained a model that classified healthy volunteer and pa-

tients with migraine during ictal or interictal periods, with key

contributions from the parietal N20 component of somatosen-

sory evoked potentials (SSEPs), high-frequency oscillations of

SSEPs, and spectral power in 450–750 Hz. Besides, patients

with migraine exhibited habituation of visual evoked potentials

induced by repetitive stimuli before a migraine attack.166 This

habituation was less pronounced during attack and was re-

placed by potentiation 2 days following the attack, suggesting

that such habituation may act as monitoring biomarkers.166 Us-

ing spectral features, Teixeira et al.167 demonstrated that the po-

wer of d- and q-band oscillations in the central area could posi-

tively predict the severity of CBP. Another study showed that

an increase in the d-band within the frontocentral region in pa-

tients with migraine during the interictal phase correlated with

headache intensity.168 For chronic neuropathic pain, b-band

oscillations in widespread areas (i.e., the somatomotor, parietal,

and occipital cortices) correlated with pain intensity.169 Resting-

state FC in certain frequencies may also serve asmonitoring bio-

markers. For example, FC in q- and b-bands positively correlated

with reported pain intensity in patients with DPN.163

EEG-based prospective biomarkers

Spontaneous EEG signals and induced responses have both

been used to develop EEG-based susceptibility/risk biomarkers.

For spontaneous EEG, low-frequency spectral activity in the

resting state is particularly important to chronic pain develop-

ment. Whereas d-band oscillations were consistent in the recov-

ery and chronification processes, q-band and low b-band oscil-

lations were decreased with development of chronic pain,

compared to the group becoming pain-free.170 In addition,

node strength in b-band at the right insula, S1, bilateral medial

frontal cortex, S2, and ACC was different between episodic mi-

graineur and chronic migraineur.171 Induced responses were

also associated with migraine chronification. Somatosensory

gating ratio induced by paired stimuli at stimuli-contralateral

S1 increased continually across healthy controls, patients with

MWA, and patients with chronic migraine.172

There were few studies exploring the prognostic biomarkers

for the recovery or deterioration of chronic pain. More studies

center on predicting treatment efficacy with EEG. Such predic-

tive biomarkers mainly rely on resting-state oscillations. One

study showed that the nerve block procedure caused increased

d-band, q-band, and a-band activity in patients with chronic pain

in the upper or lower extremity, but only midfrontal q-band power

showed a significant correlation with pain reduction.173 Similarly,

Hunter et al.174 identified that the occurrence of q-band in the left

frontal brain region at the first week after duloxetine treatment

significantly predicted pain severity and pain reduction at week

12 for fibromyalgia. In patients suffering from visceral pain due

to chronic pancreatitis, q-band activity could also classify the pa-

tients receiving pregabalin and those receiving placebo with a

maximal accuracy at 85.7%.175 Additionally, Jensen et al.176

examined the effects of non-pharmacological treatments, such

as hypnosis, meditation, EEG biofeedback, and transcranial

direct current stimulation, on patients with spinal cord injury
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and chronic pain. They found that q- and a-band oscillations at

baseline strongly predicted pain reduction after hypnosis and

meditation treatments, respectively. In another study, enhanced

a-band oscillations in the somatosensory region induced by

transcranial alternative current stimulation showed a significant

correlation with pain relief in patients with CBP.177

In summary, EEG-based biomarkers of chronic pain show high

heterogeneity, not only stemming from both the diversity of EEG

features examined but also the inherent variability of chronic pain

conditions. Moreover, the low signal-to-noise ratio of EEG data

in patients with chronic pain poses significant challenges to

the development of reliable biomarkers. Patients with chronic

pain often experience comorbid emotional disturbances, such

as depression and anxiety,178 and cognitive impairments, such

as attention deficits and memory problems.179 These factors

can also considerably affect the model sensitivity, specificity,

and generalizability of both assessment and prospective bio-

markers. It should be noted that, although these comorbid

symptoms and the underlying neural mechanisms may not be

directly related to pain (e.g., deficits in learning, memory pro-

cesses), they may be potential predictors in certain patient sub-

groups, as chronic pain is not merely a sensory issue but also

associated with cognitive impairments.180 These challenges

highlight the need for rigorous validation, and the development

of robust methodologies to ensure the reliability and utility of

EEG-based biomarkers in the context of chronic pain assess-

ment and treatment.

CHALLENGES AND FUTURE DIRECTIONS

Over the past decades, numerous candidates for neural bio-

markers of acute and chronic pain have been developed using

advanced imaging techniques and analytical methods. These

biomarker candidates have provided critical insights into

how the brain represents acute and chronic pain and have

shown the potential to improve neurophysiological pain assess-

ment for guiding personalized treatment and evaluating the

effectiveness of interventions. However, many conceptual and

practical challenges still need to be addressed in the search

for theoretically valuable and clinically applicable pain bio-

markers (Figure 3).

Conceptual challenges in developing pain neural
biomarkers
Conceptual challenges in pain biomarker development stem pri-

marily from the multidimensional and heterogeneous nature

of pain and the correlational nature of human neuroimaging

studies. Although existing neuroimaging-based pain biomarkers

serve multiple purposes, they predominantly focus on the sen-

sory-discriminative dimension of pain, especially the perception

of pain intensity. This narrow focus echoes the gold standard to

assess the presence and severity of pain in practice—asking a

person to describe their pain on a rating scale. However, pain

is conceptually a complex and subjective experience that en-

compasses not only sensory-discriminative but also affective

and cognitive dimensions.181,182 Distinct neural mechanisms

contribute to the generation and maintenance of this complex,

multidimensional, and subjective experience. For instance, the
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unpleasantness of pain is mainly encoded in the ACC rather than

S1 that is more related to the sensory-discriminative dimension

of pain,183 and the negative affect of pain is encoded in a distinct

neural ensemble in the basolateral amygdala.184 These findings

suggest that different pain dimensions are likely to involve

distinct biomarkers. A further issue is that the sensory-discrimi-

native and emotional aspects of pain are inherently intertwined,

making it difficult to separate them practically.185 It is thus un-

clear whether existing pain biomarkers predict a unitary experi-

ence of pain comprising multiple components or only the sen-

sory-discriminative dimension of pain. To address this issue,

future studies need to separate different dimensions of pain

and search for biomarkers that can best capture each

dimension.

Developing biomarkers for chronic pain is even more chal-

lenging due to its high heterogeneity. Even among patients

with similar symptoms, such as inflammation, chronic pain

may arise from various underlying mechanisms, resulting in a

heterogeneous population with different subtypes of chronic

pain.21 Moreover, patients with chronic pain often exhibit varying

degrees of cognitive impairments180,186,187 and half of them

report pain at multiple body sites,188 which could also reduce

the specificity of diagnostic biomarkers. The development of

assessment chronic pain biomarkers is thus extremely chal-

lenging. A feasible solution would involve identifying biomarkers

for individual chronic pain conditions and ensuring their speci-

ficity to this particular pain condition. The identification of pro-

spective biomarkers for chronic pain also poses significant chal-

lenges, as the underlyingmechanisms driving pain chronification

and recovery may vary across individuals and disease states.

Instead of solely relying on static biomarkers for their predictive

value, future studies can explore dynamic assessment strategies

to capture the development of chronic pain and pain recovery. In

addition, biomarkers for predicting treatment responses are

mainly transferred from diagnostic or monitoring biomarkers,

which assumes different treatments have shared mechanisms,

that is, altering abnormal neural activity associated with the diag-

nosis or monitoring of chronic pain. However, this assumption is

overly simplistic, since different treatments may involve different

mechanisms and require specific predictive biomarkers. Future

studies may need to develop treatment-specific biomarkers.

For instance, neural biomarkers for physical interventions (e.g.,

transcranial direct current stimulation, transcranial alternating

current stimulation, and transcranial magnetic stimulation) could

ideally be extracted from responses at the target areas of stimu-

lation. In contrast, when developing neural biomarkers for psy-

chological therapies (e.g., hypnosis, meditation, and cognitive-

behavioral therapy), it is advisable to focus on brain regions

involved in cognitive or emotional processes, such as the pre-

frontal cortex, cingulate cortex, and amygdala. Such biomarkers

could be sensitive to identify responders and non-responders to

a certain treatment.

Even when accounting for the multidimensionality and hetero-

geneity of pain, a crucial challenge remains—pain biomarkers

aremostly correlational, not causal.Whereas purely correlational

biomarkers can be useful in predicting pain,13 theymay lack pain

selectivity, behave unpredictably in some cases,189 and have

limited value in revealing the neural bases of pain if the causal
relationship between biomarkers and pain is unclear.190 Multi-

variate biomarkers of pain are particularly difficult to interpret

causally since they are usually based on a prodigious number

of predictors (e.g., tens of thousands of voxels in fMRI bio-

markers) and rarely constrained by a priori hypotheses.191

Nevertheless, correlational biomarkers may not necessarily be

causally irrelevant to pain. A recent neurofeedback study has

showed that downregulating the expression of SIIPS1 was asso-

ciated with reduced pain intensity,192 suggesting that SIIPS1

may be causally involved in the perception of pain. Further

studies are thus needed to test whether pain biomarkers are

causally relevant for pain, rather than assuming that they are.

One promising approach to testing the causality of biomarkers

is the cross-species approach, which integrates findings from

both animal models and human studies.193 Given the evolu-

tionary conservation of neural circuits and molecular pathways

involved in pain processing across species,194–196 animal

studies can complement human studies to examine the causal

relationship between biomarkers and pain, reveal the neuronal

underpinnings of pain biomarkers, and strengthen the validity,

selectivity, and generalizability of pain biomarkers. Some studies

have identified pain-evoked g-ERS as an EEG-based pain

biomarker using the cross-species approach16,105 and revealed

the neural origins of this biomarker.197 Future studies can delve

more deeply into exploring neural biomarkers of pain through

cross-species approaches, wherein animal models can serve

as preclinical platforms for testing hypotheses generated from

human neuroimaging studies and uncovering the neuronal

mechanisms of human pain biomarkers. Such cross-species

studies can facilitate the development of mechanism-based

pain biomarkers and ultimately improve the clinical diagnosis

and treatment of pain.11,198,199

Practical challenges in applying pain neural biomarkers
Although some promising candidates for pain biomarkers have

been proposed, their clinical applications are still far from

commonplace. In addition to the conceptual challenges which

we discussed earlier, a key practical issue is that most proposed

pain biomarkers still lack clinical usefulness. One main reason is

that many pain biomarkers, particularly those related to phasic

pain, are developed in healthy individuals using simple painful

stimuli like transient heat that are detached from real-world clin-

ical pain.191 Acute pain and chronic pain are so different that their

biomarkers are by nomeans guaranteed to be the same. Another

reason is that the performance of existing pain biomarkers is too

poor to be clinically useful. The lack of excellentmodel specificity

and generalizability is particularly noteworthy. Model specificity

of many biomarkers is undermined by the pervasive and persis-

tent confounding of stimulus salience in both univariate and

multivariate biomarkers of pain except for a few studies that

explicitly control stimulus salience,16,6466–68,103 even though

the problemwas highlighted more than a decade ago.52 Further-

more, model generalizability is not properly tested. Studies using

univariate analysis typically do not test model generalizability.

While multivariate decoding studies often use internal cross-vali-

dation to assess the generalizability of biomarkers,most only rely

on leave-one-out cross-validation,200 a method prone to overes-

timating model performance. Independent external validation is
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crucial for accurately estimating model generalizability. In its

absence, model performance can be still overestimated, even

when internal cross-validation is employed.201 Biomarkers of

chronic pain are, by their very nature, clinically useful. Neverthe-

less, fewer high-performing chronic pain biomarkers are

available than needed, and most biomarkers of chronic pain

concern only limited types of chronic pain, primarily CBP and

fibromyalgia.200

Three potential approaches may improve the clinical useful-

ness of pain biomarkers: (1) to conduct more direct investiga-

tions on clinically useful pain biomarkers, (2) develop composite

biomarkers, and (3) train more powerful machine learning

models, while carefully controlling for key confounding factors

like stimulus salience and testing generalizability in diverse and

external datasets. First and foremost, the development of pain

biomarkers needs to focus more on the clinical value of bio-

markers. For biomarkers of acute pain, future studies need to

test and increase the transferability of the models. A few poten-

tial biomarkers of acute pain have shown some clinical use. For

instance, NPS and SIIPS1 seemed to be able to diagnose pa-

tients with knee OA,202 and ToPS could diagnose CBP.17 Never-

theless, the clinical usefulness of acute pain biomarkers needs

extensive testing before they can be applied in real clinical situ-

ations. For biomarkers of chronic pain, the focus should be on

improving the model performance of available biomarkers (see

discussion below) and developing biomarkers for under-investi-

gated chronic pains. Although many potential biomarkers of

chronic pain have been developed, the complexity of chronic

pain warrants even more investigations into biomarkers of

different types of chronic pain, or biomarkers of subtypes of a

certain chronic pain, especially those under-studied, and bio-

markers for various purposes (e.g., susceptibility/risk, prog-

nostic, and predictive biomarkers).

Developing composite biomarkers integrating various mea-

sures is a viable approach to improve the performance of pain bio-

markers. Multiple sources of data can be utilized to develop com-

posite biomarkers. First, neural activities not directly related to

pain processing (e.g., those reflecting cognitive processing) can

be extracted to complement pain-related activities. Biomarkers

reflecting neural representations of pain processing itself often

fail to capture the complex andmultidimensional nature of chronic

pain. Indeed, patientswith chronic pain frequently report cognitive

difficulties, and impairments have been observed in areas such as

attention, learning and memory, psychomotor ability, and execu-

tive function.187 Future studies could benefit from an integrative

approach that includes both pain-specific biomarkers and those

related to other neural processes, allowing for more tailored and

accurate models across different patient populations. Second,

spontaneous neural activities can be combined with task-evoked

activities. Although frequently used in chronic pain studies, spon-

taneous neural activities typically have a low signal-to-noise ratio

and lack pain selectivity. Adopting task-based experimental de-

signs, including both somatosensory-related tasks and cognitive

tasks, could also have the potential to enhance both the signal-

to-noise ratio of sampled brain responses and estimate the sec-

ondary deficit in other functions (e.g., cognition), which improves

the selectivity of developed chronic pain biomarkers.203,204 Third,

data from different modalities of neuroimaging can also be inte-
12 Cell Reports Medicine 5, 101784, October 15, 2024
grated. A variety of neuroimaging techniques, including fMRI,

sMRI, and EEG, have been applied to explore neuroimaging-

based biomarkers of pain.199 However, a single neuroimaging

technique alone is unlikely to provide a complete picture of the

source, cause, or experience of pain,205 since each technique

samples only part of the structure and function of the brain, and

has its own limitations, such as insufficient temporal (e.g., MRI)

or spatial (e.g., EEG) resolution. Integrating data from multiple

neuroimaging modalities can help extract complementary infor-

mation about pain and improve the overall performance of bio-

markers. One recent study even suggests that incorporating

data frommultiple imaging modalities boosts prediction accuracy

with an effect equivalent to doubling the sample size.206 Various

strategies can be employed to integrate imaging modalities,

such as combining brain imaging with spinal imaging207 or struc-

tural imaging with functional imaging.83 Fourth, neuroimaging can

further be combinedwith other non-imaging data. A practice issue

of neuroimaging is its economic costs. Neuroimaging is typically

expensive, and integrating multiple modalities of neuroimaging

can be more financially prohibitive. Cost-effective measures

such as self-reporting questionnaires and behavioral tests208,209

may serve as valuable complements to neuroimaging-based

biomarkers of pain, as they are easily administered and provide

critical information about patients’ conditions.148 In addition,

combining neuroimaging biomarkers with other biomarkers

like genetic biomarkers199 and blood-based biomarkers seems

more economical and practical. These strategies can help

construct more powerful composite pain biomarkers, thus

providing a more comprehensive and mechanistic understanding

of pain.

In thepastdecade,machine learningmodeling hasemergedas

a revolutionary tool for identifying and evaluating candidate neu-

ral biomarkers of pain.210,211 However, the majority of available

machine-learning-based pain biomarkers are linear models.13

Admittedly, linear models are interpretable and powerful to

decode pain from brain activity in most cases. Nevertheless, it

is highly unlikely that the relationship between pain and the

brain is only linear. Non-linear models like deep learning may

prove more powerful in developing sensitive and selective pain

biomarkers than linear models.212 However, machine learning

models, especially deep learning models, require a huge amount

of data.213 Indeed, a large sample size is essential for neuroimag-

ing-based pain biomarkers to capture the complexity and vari-

ability of pain processing in thebrain, thus improving the reliability

of findings and facilitating validation and translation into clinical

practice.72 Paradoxically, neuroimaging studies typically have

very small sample sizes, possibly due to the prohibitive cost of

collecting huge neuroimaging data. Rarely can a neuroimaging

study recruit more than 100 participants, which is only one-tenth

or even one-hundredth of the sample size necessary for machine

learning models to fully achieve their power to predict behavior

measures like pain.212,213 By mutualizing neuroimaging data-

bases from various pain research groups (e.g., the ENIGMA

Chronic Pain Working Group214), future studies could make full

use of big neuroimaging datasets andmore advanced non-linear

models to develop more clinically applicable biomarkers of pain.

In conclusion, while various potential neural biomarkers of

acute and chronic pain have been identified (Table 1), significant



Table 1. Summary of neuroimaging-based biomarker candidates for acute and chronic pain

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Phasic pain perception continuous pain

rating

LASSO-PCR (1) training set:

20, (2) test set 1:

33, (3) test set 2:

40

fMRI: brain

activation from

pain-related

areas

(1) training set:

r = 0.74, (2) test

set 1: r = 0.73, (3)

test set 2: r =

0.44

pain vs. pain

recall, pain

anticipation,

warmth, social

rejection

three different

datasets

Wager et al.20

Phasic pain perception (1) classification:

pain tolerance

vs. pain

threshold,

thermal

threshold; (2)

regression:

continuous pain

rating at pain

tolerance and

pain threshold

(1) Gaussian

process

classification, (2)

Gaussian

process

regression

16 fMRI: whole

brain activation

(1) classification:

pain tolerance

vs. pain

threshold: Acc =

71.67%; pain

tolerance vs.

thermal

threshold: Acc =

91.67%; pain

threshold vs.

thermal

threshold: Acc =

71.11%; (2)

regression: pain

tolerance: r =

0.87; pain

threshold: r =

0.73

– – Marquand

et al.55

Phasic pain perception continuous pain

rating

PCR (1) training set:

137, (2) test set:

46

fMRI: brain

activation

independent of

stimulus

intensity and

NPS responses

(1) training set:

r = 0.68,

explained

variance =

9.71%; (2) test

set: explained

variance =

6.73%

– two different

datasets

Woo et al.56
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Phasic pain perception pain vs. touch,

audition, vision

SVC (1) Dataset 1: 14;

(2) Dataset 2: 51

fMRI: brain

activation from

pain-related

areas

(1) Dataset 1:

pain vs. touch:

Acc = 85%; pain

vs. audition:

Acc = 90%; pain

vs. vision: Acc =

94%; (2) Dataset

2: pain vs.

touch: 75%; (3)

Datasets 1&2

(Dataset 2 as

training set):

pain vs. touch:

Acc = 80%; (4)

Datasets 1&2

(Dataset 1 as

training set):

pain vs. touch:

Acc = 69%

pain vs.

salience/

intensity-

matched touch,

audition, vision

– Liang et al.67

Phasic pain perception pain vs. touch,

audition, vision

SVC 399 fMRI: brain

activation from

thalamus

(1) pain vs.

touch: Acc =

58.3%; (2) pain

vs. audition:

Acc = 70.5%; (3)

pain vs. vision:

Acc = 68.5%

pain vs. touch,

audition, vision

– Tu et al.68

Phasic pain sensitivity continuous pain

sensitivity

elastic net

regression

(1) training set:

35; (2) test set 1:

37; (3) test set 2:

19

fMRI: whole-

brain FC in

resting state

(1) training set:

r = 0.63; (2) test

set 1: r = 0.43; (3)

test set 2: r =

0.47

– three different

datasets

Spisak et al.19

Phasic pain sensitivity continuous pain

sensitivity

LASSO-PCR 124 fMRI: whole

brain activation

r = 0.252 – – Gim et al.71
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Phasic pain sensitivity continuous pain

sensitivity

LASSO-PCR (1) training set:

199; (2) holdout

test set: 200; (3)

external test set

1: 369; (4)

external test set

2: 124

fMRI: whole

brain activation

(1) training set:

r = 0.531; (2)

holdout test set:

r = 0.496; (3)

external test set

1: high pain: r =

0.274; medium

pain: r = 0.217;

low pain: r =

0.292; (4)

external test set

2: r = 0.323

– four different

datasets

Zhang et al.72

Phasic pain sensitivity continuous pain

sensitivity

SVR 24 fMRI: whole-

brain FC in

resting state

(1) within-

session: heat

pain on leg: r =

0.60; heat pain

on arm: r = 0.56;

pressure pain on

leg: r = 0.57;

pressure pain on

thumbnail: r =

0.53; (2)

between-

session: heat

pain on leg: r =

0.56; heat pain

on arm: r = 0.55;

pressure pain on

leg: r = 0.55;

pressure pain on

thumbnail: r =

0.50

– – Tu et al.73

Phasic pain sensitivity continuous pain

sensitivity

LASSO

regression

133 sMRI: whole-

brain cortical

thickness

r = 0.36 – – Kotikalapudi

et al.78

Phasic pain sensitivity continuous pain

sensitivity

partial least-

squares

regression

221 sMRI: whole-

brain gray

matter

connectivity and

gray matter

volume

(1) laser pain

threshold: r =

0.75; (2) cold

pain sensitivity:

r = 0.80; (3) pain

sensitivity score:

r = 0.77

– – Zou et al.82
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Phasic pain

discriminability

continuous pain

discriminability

LASSO-PCR (1) training set:

212; (2) test set:

187

fMRI: brain

activation from

pain-related

areas

(1) training set:

r = 0.348; (2) test

set: r = 0.227

pain vs. touch,

audition, vision

two different

datasets

Zhang et al.26

Phasic pain perception continuous pain

rating

simple

correlation

96 samples for

nociceptive

stimuli; 107

samples for

stimuli of other

modalities

EEG: ERP and

TFR

(1) N1

amplitude: r =

�0.11; (2) N2

amplitude: r =

�0.49; (3) P2: r =

0.43; (4) TFR-

LEP: r = 0.61; (5)

a-ERD: r =

�0.06; (6)

g-ERS: r = 0.16

– two different

species

Hu and

Iannetti16

Phasic pain perception continuous pain

rating

linear mixed

model

18 EEG: TFR (1) q oscillations:

t = 9.4; (2) g

oscillations: t =

6.8

– – Schulz et al.23

Phasic pain perception (1) low pain vs.

high pain; (2)

continuous pain

rating

(1) naive Bayes

classifier; (2)

multiple linear

regression

29 EEG: LEP (1) within-

subject: Acc =

86.3%; cross-

subject: Acc =

80.3%; (2)

within-subject:

MAE = 1.031;

cross-subject:

MAE = 1.821

– – Huang et al.85

Phasic pain perception mild pain vs.

maximum pain

multilayer

perceptron

14 EEG: Granger

causality

between

different TFR

mean Acc =

99.35%

– – Tripanpitak

et al.86

Phasic pain perception no feeling, non-

pain sensation,

minimal painful,

and pain

tolerance

neural network 13 EEG: nonlinear

features of ERP

mean Acc =

87.5% for four-

level

classification

– – Tripanpitak

et al.87

Phasic pain perception low pain vs. high

pain

SVC 96 EEG:

prestimulus TFR

mean Acc =

58%

– – Tu et al.88
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Phasic pain perception (1) low pain vs.

high pain; (2)

continuous pain

rating

(1) SVC;

(2) SVR

96 EEG: LEP and

TFR

(1) classification:

highest Acc =

83.5%; (2)

regression:

lowest MAE =

1.15

– – Tu et al.89

Phasic pain sensitivity continuous pain

rating

random forest 96 EEG: g-ERS r = 0.931 pain vs. touch,

audition, vision

– Hu and

Iannetti16

Phasic pain sensitivity continuous pain

rating

linear mixed

model

18 EEG: TFR q oscillations: r =

0.48

– – Schulz et al.18

Phasic pain sensitivity low pain

sensitivity vs.

high pain

sensitivity

SVC 23 EEG: TFR Acc = 83% – – Schulz et al.90

Phasic pain sensitivity continuous pain

threshold

simple

correlation

27 MEG: (1)

resting-state g

oscillations; (2)

resting-state

connectivity at a

and b-band

(1) r > 0.49; (2)

r > 0.51

– – Hsiao et al.107

Phasic pain sensitivity low pain

sensitivity vs.

high pain

sensitivity

SVC (1) training set:

65; (2) test set:

20

EEG: resting-

state PSD and

FC

(1) Acc >85%;

(2) Acc = 90%

– – Hsiao et al.108

Phasic pain

discriminability

continuous pain

discriminability

LASSO-PCR (1) training set:

114; (2) test set:

111

EEG: LEPs (1) training set:

r = 0.536; (2) test

set: r = 0.423

pain vs. touch,

audition, vision

one new dataset Zhang et al.26

Tonic pain perception ongoing pain

ratings

PCR (1) training set:

19; (2) test set 1:

42; (3) test set 2:

48

fMRI: whole-

brain dynamic

FC patterns

(1) training set:

r = 0.64; (2) test

set 1: r = 0.47; (3)

test set 2: r =

0.51

tonic pain vs.

bitter taste,

aversive odor

three different

datasets

Lee et al.17

Tonic pain perception (1) pain vs. rest;

(2) continuous

pain rating

(1) SVC; (2) PCR training set: 48;

test set: 74

fMRI:

reconfiguration

of whole-brain

functional

networks over

time

(1) training set:

Acc = 98%; test

set: Acc = 81%;

(2) training set:

r = 0.29; test set:

r = 0.32

tonic pain vs.

bitter taste,

aversive odor

two different

datasets

Lee et al.118
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Tonic pain perception continuous pain

rating

simple

correlation

38 EEG: (1)

noxious-

attended

condition vs.

innoxious-

distracted

condition,

noxious-

distracted

condition:

a-band power;

(2) noxious-

attended

condition vs.

resting

condition:

g-band power

(1) r < �0.32; (2)

r > 0.33

noxious-

attended

condition vs.

resting

condition,

innoxious-

distracted

condition, and

noxious-

distracted

condition

– Peng et al.119

Tonic pain perception no pain, low

pain, medium

pain, high pain,

and intolerable

pain

multilayer SVC 23 EEG: a

coherence

five-level

classification:

Acc = 86.84%

– – Modares-

Haghighi

et al.129

Tonic pain sensitivity continuous pain

rating

multiple linear

regression

21 EEG: PAF r = 0.55 – – Furman et al.130

Tonic pain sensitivity (1) continuous

pain rating; (2)

least sensitive

vs. most

sensitive

(1) simple

correlation;

(2) SVC

(1) visit 1: 61,

visit 2: 46; (2)

training set: 61,

test set: 21

EEG: PAF (1) r < �0.34; (2)

training set:

F1 > 0.6; test

set: F1 > 0.6

– two different

datasets

Furman et al.132

Tonic pain sensitivity high vs. low

pain-sensitive

individuals

logistic

regression

(1) training set:

100; (2) test set:

50

EEG: PAF and

corticomotor

excitability

(1) training set:

AUC = 1; (2) test

set: AUC = 0.88

– two different

datasets

Chowdhury

et al.133

Chronic diagnostic patients with

chronic back

pain vs. healthy

controls

PCR (1) test set 1: 24

patients, 39

healthy controls;

(2) test set 2: 17

patients, 17

healthy controls

fMRI: whole-

brain dynamic

FC patterns

(1) test set 1:

Acc = 73%; (2)

test set 2: Acc =

71%

– two different

datasets

Lee et al.17
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Chronic diagnostic patients with

chronic back

pain vs. healthy

controls

/ 16 patients, 16

healthy controls

fMRI: (1) brain

activation from

nucleus

accumbens; (2)

FC with nucleus

accumbens

(1) sensitivity:

50%–100%; (2) /

– – Baliki et al.136

Chronic diagnostic patients with

fibromyalgia vs.

healthy controls

(1) SVC; (2)

logistic

regression

37 patients; 35

healthy controls

fMRI: whole-

brain activation

patterns

(1) Acc = 70%;

(2) Acc = 93%

– – López-Solà

et al.137

Chronic diagnostic patients with

chronic back

pain vs. healthy

controls

SVC (1) Dataset 1: 50

patients, 44

healthy controls

(2) Dataset 2: 30

patients, 30

healthy controls

fMRI: whole-

brain FC in

resting state

(1) Dataset 1:

Acc = 91%; (2)

Dataset 2: Acc =

78%

– two different

datasets

Tu et al.138

Chronic diagnostic patients with

chronic back

pain vs. healthy

controls

/ (1) Dataset 1: 90

patients, 74

healthy controls;

(2) Dataset 2: 30

patients, 30

healthy controls;

(3) Dataset 3: 25

patients, 25

healthy controls

fMRI: dynamic

FC

/ – three different

datasets

Tu et al.139

Chronic diagnostic patients with

migraine vs.

heathy controls

diagonal

quadratic

discriminate

analysis

58 patients, 50

healthy controls

fMRI: FC of 33

seeded pain-

related regions

(1) overall Acc =

86.1%; (2) Acc

for patients with

migraine (>14

years) = 96.7%;

(3) Acc for

patients with

migraine (% 14

years) = 82.1%

– – Chong et al.140

Chronic diagnostic patients with

chronic back

pain vs. healthy

controls

PCA-SVC 47 patients; 47

healthy controls

sMRI: gray

matter density

Acc = 76% – – Ung et al.144
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Chronic diagnostic patients with

irritable bowel

syndrome vs.

healthy controls

sparse partial

least squares for

discriminant

analysis

(1) training set:

80 patients, 80

healthy controls;

(2) test set: 26

patients, 26

healthy controls

sMRI: gray

matter

morphology

Acc = 70% – – Labus et al.145

Chronic monitoring continuous pain

severity score

PCR 17 fMRI: whole-

brain dynamic

FC patterns

r = 0.56 – – Lee et al.17

Chronic monitoring (1) high vs. low

spontaneous

pain in patients

with chronic

back pain; (2)

between-

subject pain

intensity in

patients with

chronic back

pain

(1) SVC; (2) SVR 53 patients fMRI: (1) resting-

state FC of the

back

representation

in the S1; (2)

whole-brain

regional

cerebral blood

flow; (3) heart

rate variability

(1) Acc =

92.45%; (2) r =

0.63

– – Lee et al.149

Chronic susceptibility/

Risk

patients with

persistent

subacute pain

vs. patients

recovering from

subacute pain 1

year after

baseline

/ (1) Dataset 1: 19

patients with

persistent

subacute pain,

20 patients

recovering from

subacute pain;

(2) Dataset 2: 13

patients with

subacute pain

fMRI: FC

between

nucleus

accumbens and

medial

prefrontal cortex

(1) Dataset 1:

AUC = 0.83; (2)

Dataset 2:

AUC = 0.81

– two different

datasets

Baliki et al.14
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Chronic susceptibility/

Risk

patients with

subacute back

pain recovering

from vs.

transitioning to

chronic pain

path analysis

with logistic

regression

39 patients with

persistent

subacute back

pain at year 1, 30

patients

recovering from

subacute back

pain at year 1, 39

patients with

subacute back

pain at year 3

fMRI+sMRI: (1)

white matter

network:

dorsomedial

prefrontal

cortex-

amygdala-

nucleus

accumbens; (2)

gray matter

volume:

amygdala; (3)

functional

network:

dorsomedial

prefrontal

cortex-

amygdala-

nucleus

accumbens; (4)

gene: rs678849

SNP

explained

variance = 60%

– – Vachon-

Presseau

et al.152

Chronic prognostic improvers vs.

non-improvers

of patients with

urologic chronic

pelvic pain

syndrome

SVC 52 patients fMRI: whole-

brain FC in

resting state

improvers vs.

non-improvers

at 3 months:

Acc = 73%

– – Kutch et al.153

Chronic predictive pain relief

induced by

placebo in

patients with

knee

osteoarthritis

linear regression

equations

(1) training set:

17; (2) test set:

20

fMRI: whole-

brain FC in

resting state

(1) training set:

R = 0.60; (2) test

set: R = 0.64

– one different

dataset

Tétreault

et al.154

Chronic diagnostic patients with

complex

regional pain

syndrome vs.

healthy controls

/ 25 patients, 25

healthy controls

EEG:

nociceptive

stimuli evoked

N2 latency, P2

latency, and N2-

P2 amplitude

/ – – Caty et al.157
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Chronic diagnostic patients with

fibromyalgia vs.

healthy controls

/ 199 patients,

109 healthy

controls

EEG: N2-P2

amplitude and

N2-P2

habituation

index

/ – – de Tommaso

et al.158

Chronic diagnostic patients with

fibromyalgia vs.

healthy controls

/ 25 patients, 25

healthy controls

EEG: facial

expression

evoked P2

amplitude and

latency, as well

as N2a

amplitude

/ – – Fernandes-

Magalhaes

et al.159

Chronic monitoring &

diagnostic

(1) between-

subject pain

intensity in

patients with

chronic pain; (2)

patients with

chronic pain vs.

healthy controls

(1) simple

correlation; (2)

SVC

(1) Dataset 1:

101 patients; (2)

Dataset 2: 84

patients, 84

healthy controls

EEG: all

frequency band

power and FC

(1) q PLV: r =

�0.18; aPLV: r =

�0.19; (2) Mean

Acc = 57%

– – Ta Dinh et al.162

Chronic diagnostic painful vs. non-

painful

polyneuropathy

participants

SVC 133 painful

patients, 47

non-painful

patients

EEG: resting-

state FC

(1) q-band:

AUC = 0.93; (2)

a-band: AUC =

0.83; (3) b-band:

AUC = 0.89; (4)

g-band: AUC =

0.87

– – Topaz et al.163

Chronic diagnostic patients with

migraine with

aura vs. without

aura

SVC 30 patients with

migraine with

aura, 22 patients

with migraine

without aura

EEG: resting-

state FC

mean Acc =

84.62%; AUC =

0.88

– – Frid et al.164

Chronic monitoring patients with

migraine under

ictal phase,

interictal phase

vs. healthy

controls

XGB 13 patients

under ictal, 29

patients under

interictal, 15

healthy controls

EEG: SSEPs Acc = 72.4% – – Zhu et al.165
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Chronic monitoring before, during,

one day

following, vs.

two days

following

migraine attack

/ 11 patients

before attack,

24 patients

during attack, 28

patients one day

following attack,

14 patients two

days following

attack

EEG: visual

evoked

potentials

/ – – Judit et al.166

Chronic monitoring between-

subject pain

intensity in

patients with

non-specific

chronic low

back pain

multiple linear

regression

30 patients EEG: (1) d-band

power; (2)

q-band power

(1) R2 = 0.20; (2)

R2 = 0.21

– – Teixeira et al.167

Chronic monitoring between-

subject pain

intensity in

patients with

migraine

simple

correlation

33 patients EEG: (1) d-band

power; (2)

a-band

asymmetry

(1) r > 0.46; (2)

r > 0.34

– – Bjork et al.168

Chronic monitoring between-

subject pain

intensity in

patients with

orofacial

neuropathic

pain

simple

correlation

20 patients EEG: (1) a-band

power at T4

electrode; (2) b

power at

somatomotor,

parietal, and

occipital

cortices

(1) r = 0.60; (2)

r > 0.53

– – Di Pietro et al.169

Chronic susceptibility/

risk

developing

chronic pain vs.

becoming pain-

free

/ 8 for

development

pain group, 15

for becoming

pain-free group

EEG: q- and

b-band power

/ – – Schuurman

et al.170
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Table 1. Continued

Pain types Biomarker types Target Algorithms Sample size Features

Model

sensitivity

Model

specificity

Model

generalizability Reference

Chronic susceptibility/

risk

patients with

episodic

migraine vs.

patients with

chronic migraine

/ 70 patients with

episodic

migraine, 80

patients with

chronic migraine

MEG: the sum of

the FC values

connected to

the right insula,

S1, bilateral

medial frontal

cortex, S2, and

anterior

cingulate cortex

in b-band

/ – – Hsiao et al.171

Chronic predictive pain relief in

response to

duloxetine

injection at

12 weeks

multiple linear

regression

5 patients with

fibromyalgia

quantitative

EEG: left frontal

cordance at

week 1

R2 = 0.93 – – Hunter et al.174

Chronic predictive receiving

pregabalin vs.

receiving

placebo

SVC 14 patients with

chronic pain for

receiving

pregabalin, 14

patients with

chronic pain

receiving

placebo

EEG: q-band

power

Acc = 85.7% – – Graversen

et al.175

Chronic predictive pain relief

induced by

hypnosis or

meditation

treatments

simple

correlation

patients with

spinal cord

injury and

chronic pain: (1)

hypnosis

treatment: 29;

(2) meditation

treatment: 30

EEG: pre-

treatment

spectral power

(1) q-band

power predicts

response to

hypnosis: r =

0.46; (2) a-band

power predicts

response to

meditation: r =

�0.45

– – Jensen et al.176

Chronic predictive pain relief

induced by

a-tACS

simple

correlation

20 patients with

chronic low

back pain

EEG: a-band

power

r > 0.3 – – Ahn et al.177

Note: Acc, accuracy; AUC, area under the receiver operating characteristic curve; EEG, electroencephalography; ERD, event-related desynchronization; ERP, event-related potential; ERS,

event-related synchronization; F1, F1 score; FC, functional connectivity; fMRI, functional magnetic resonance imaging; LASSO, least absolute shrinkage and selection operator; LEP, laser-

evoked potential; MAE, mean absolute error; MEG, magnetoencephalography; NPS, Neurological Pain Signature; PAF, peak a frequency; PCA, principal component analysis; PCR, principal

component regression; PLV, phase-locking value; PSD, power spectral density; r, Pearson correlation coefficient; R2, coefficient of determination; r, Spearman correlation coefficient; S1, pri-

mary somatosensory cortex; S2, secondary somatosensory cortex; SSEPs, somatosensory evoked potentials; SVC, support vector classifier; SVR, support vector regression; sMRI, structural

magnetic resonance imaging; t, t value in t tests; tACS, transcranial alternating current stimulation; TFR, time frequency representation; XGB, extreme gradient-boosting trees. Slash (‘‘/’’) means

the paper did not specify a particular algorithm or sensitivity score. Minus sign (‘‘�’’) means the paper did not test the model specificity or generalizability of the biomarker.
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conceptual and practical challenges persist. Despite these ob-

stacles, the search for neuroimaging-based pain biomarkers re-

mains of great value, holding profound implications for both

basic science and clinical applications. Focusing more on clin-

ical usefulness and leveraging multimodal neuroimaging tech-

niques and cutting-edge machine learning algorithms, we antic-

ipate the forthcoming emergence of increasingly precise and

reliable pain biomarkers. These advancements hold the potential

not only to deepen our understanding of how the brain processes

pain but also to alleviate patients’ suffering and improve their

well-being.
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