
Vol.:(0123456789)

Journal of Neural Transmission 
https://doi.org/10.1007/s00702-024-02766-2

PSYCHIATRY AND PRECLINICAL PSYCHIATRIC STUDIES - REVIEW ARTICLE

Neuromarkers in addiction: definitions, development strategies, 
and recent advances

Nicholas R. Harp1 · Tor D. Wager2 · Hedy Kober1 

Received: 21 November 2023 / Accepted: 12 March 2024 
© The Author(s), under exclusive licence to Springer-Verlag GmbH Austria, part of Springer Nature 2024

Abstract
Substance use disorders (SUDs) are the most costly and prevalent psychiatric conditions. Recent calls emphasize a need for 
biomarkers—measurable, stable indicators of normal and abnormal processes and response to treatment or environmental 
agents—and, in particular, brain-based neuromarkers that will advance understanding of the neurobiological basis of SUDs 
and clinical practice. To develop neuromarkers, researchers must be grounded in evidence that a putative marker (i) is 
sensitive and specific to the psychological phenomenon of interest, (ii) constitutes a predictive model, and (iii) generalizes 
to novel observations (e.g., through internal cross-validation and external application to novel data). These neuromarkers 
may be used to index risk of developing SUDs (susceptibility), classify individuals with SUDs (diagnostic), assess risk for 
progression to more severe pathology (prognostic) or index current severity of pathology (monitoring), detect response to 
treatment (response), and predict individualized treatment outcomes (predictive). Here, we outline guidelines for developing 
and assessing neuromarkers, we then review recent advances toward neuromarkers in addiction neuroscience centering our 
discussion around neuromarkers of craving—a core feature of SUDs. In doing so, we specifically focus on the Neurobiologi-
cal Craving Signature (NCS), which show great promise for meeting the demand of neuromarkers.
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Introduction

Substance use disorders (SUDs) are the most deadly and 
costly psychiatric disorders. Indeed, healthcare and lost pro-
ductivity costs from cigarette smoking alone exceed $600 
billion annually in the U.S. (CDC 2022), and costs across 
misused substances more broadly exceed $2 trillion (CDC 
2019, 2022; Luo et al. 2021; Nicosia et al. 2009). Across 
drug types, SUDs manifest as problematic patterns of sub-
stance use, driven in large part by intense urges to consume 
the drug (i.e., cravings; Vafaie and Kober 2022). Such use 
culminates in consumption of larger amounts or for longer 
periods than intended (i.e., risky use, impaired control) 
that may lead to pharmacological tolerance, and ultimately 

adversely impacts non-drug goals (e.g., workplace, social, 
health; American Psychiatric Association 2013).

Substances abused by humans have diverse primary 
mechanisms of action (for a review, see Volkow et al. 2019). 
Indeed, numerous neurotransmitter receptors known today 
bear their namesake from the exogenous substances that 
bind to and stimulate them. For instance, the ionotropic 
nicotinic acetylcholine receptor is distinguished from the 
metabotropic muscarinic acetylcholine receptor (to which 
muscarine, but not nicotine, binds; Schleifer and Eldefrawi 
1974). Similarly, researchers established that cannabis and 
opiate drugs bind to cannabinoid (Devane et al. 1988) and 
opioid receptors (Simon et al. 1973), respectively, prior to 
the discovery of the endogenous cannabinoids (e.g., anan-
damide; Devane et  al. 1992) and opioid peptides (e.g., 
enkephalins; Hughes et al. 1975). Other drugs, like cocaine, 
block the reuptake of dopamine into cell bodies (Ritz et al. 
1987), and methamphetamine stimulates the release of 
monoamines (e.g., dopamine, norepinephrine) and reverses 
the monoamine transporters to flood the synapse with these 
neurotransmitters (Sulzer et al. 2005). Still, alcohol elicits 
a relatively complex series of effects, including allosteric 
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enhancement of GABAA receptor activity (Mihic et al. 1997) 
and inhibition of glutamatergic N-methyl D-aspartate recep-
tors (Lovinger et al. 1989), among others (Volkow et al. 
2019).

That said, these same substances share similarities 
in their secondary effects; that is, substances abused by 
humans typically engage the mesolimbic dopamine path-
way (Di Chiara and Imperato 1988; Nestler 2005), along 
with other neurochemical systems (e.g., opioid peptide, 
endocannabinoid signaling; Herz 1997; Koob and Volkow 
2016; Le Merrer et al. 2009; Massaly et al. 2016; Peters 
et al. 2021). Substances of abuse also induce long-term neu-
roplastic changes in these systems (Berridge and Robinson 
2016; Lüscher and Malenka 2011; Mameli and Lüscher 
2011), studied primarily in animal models of drug exposure 
and use (Ahmed 2010). In humans, neuroimaging data col-
lected via functional magnetic resonance imaging (fMRI) 
suggests differences in the brain response of individuals 
with SUDs, relative to controls, during the presentation of 
various stimuli, including drug-relevant cues (e.g., Garavan 
et al. 2000; Jasinska et al. 2014; Schacht et al. 2013). Thus, 
data converging from both animal and human studies over 
the last few decades demonstrate a clear neurobiological 
basis for SUDs (Heilig et al. 2021; Koob and Volkow 2016; 
Leshner 1997) with some drug-specific differences (e.g., pri-
mary mechanisms of action), and also many commonalities 
(e.g., action on dopamine, craving, other SUD symptoms). 
Nonetheless, there remain challenges to identifying neuro-
biological signatures—e.g., patterns of fMRI activity across 
brain regions—of addiction in humans and of its constitu-
ent processes (e.g., craving). In this context, the application 
of computational methods to neuroimaging data is showing 
increasing promise.

Computational psychiatry is a subfield that aims to lever-
age both data- and theory-driven approaches to understand 
the neurobiological basis of psychiatric disorders and to 
advance clinical practice (Huys et al. 2016; Wang and Krys-
tal 2014). Computational psychiatry applies formal math-
ematical models to understand adaptive and maladaptive 
processes (e.g., learning and decision-making; Collins and 
Shenhav 2022), in a manner that informs the underlying neu-
ral computations. Broadly, computational approaches either 
characterize dynamic changes over time (e.g., reinforcement 
learning models) or recognize and extract patterns from high 
dimensional, multivariate data. The two approaches are com-
plementary. For example, reinforcement learning models 
provide much evidence that decision-making processes are 
altered in addiction, likely via compromised computations 
in the mesocorticolimbic dopamine pathway (Mollick and 
Kober 2020, for review). Indeed, the ventromedial prefrontal 
cortex (vmPFC), orbitofrontal cortex, and anterior cingulate 
cortex—downstream targets of the corticostriatal pathway—
display distinct multivariate patterns of trial-by-trial activity 

during reward prediction errors, and these dynamics are 
statistically associated with subsequent changes in behav-
ioral responses (Möhring and Gläscher 2023). Still, such 
approaches remain insufficient for a major challenge facing 
computational psychiatry: translation from computation to 
the clinic (Yip et al. 2022). Certainly, scientific advances 
from computational psychiatry, including the application of 
computational methods to neuroimaging, are not routinely 
used in clinical practice—at least in part, owing to a focus on 
narrow processes (e.g., reinforcement learning parameters) 
rather than psychological states that represent psychiatric 
symptoms (e.g., craving in SUDs).

To address this gap, we believe that researchers can lever-
age computational methods, including machine learning and 
artificial intelligence, and combine them with high dimen-
sional neuroimaging data to characterize the brain basis of 
component processes or symptoms of psychiatric disorders 
in pursuit of biomarkers. Biomarkers are measurable, stable 
biological indicators of either normal or abnormal processes 
and responses to intervention/treatment or environmental 
agents (FDA-NIH Biomarker Working Group 2016). Impor-
tantly, biomarkers are distinct from other biological patterns 
associated with disease in that they are optimized to make 
accurate predictions about new data. Calls for the devel-
opment of biomarkers for psychiatric disorders, and SUDs 
specifically, are increasingly common (Davis et al. 2020; 
Volkow and Baler 2013; Volkow and Boyle 2018; Volkow 
et al. 2015; Woo et al. 2017). Nonetheless, despite a clear 
trend toward increasing reports of neuromarkers derived 
from human neuroimaging, SUDs and addiction have been 
largely overlooked (see Fig. 1).

We refer to brain-based biomarkers as neuromarkers, 
and we ground our discussion in such neuromarkers (note 
that the terms are largely interchangeable, with neuro-
markers representing a specific, brain-based instance of 
the broader term biomarkers). Objective neuromarkers 
of disease state and response to treatment promise to 
overcome numerous limitations in psychiatry, including 
the lack of neurobiological indicators, or a brain basis, 
for psychiatric nosology (American Psychiatric Associa-
tion 2013), impaired patient insight into disease state and 
treatment response of psychiatric disorders (Goldstein 
et al. 2009), and challenges in identifying personalized, 
optimal treatment strategies (Volkow and Baler 2013). 
Pending adequate validation (described in detail below), 
neuromarkers could eventually become valuable clinical 
and research tools. For instance, a well-validated diag-
nostic neuromarker that distinguishes individuals with 
versus without SUDs could assist researchers in select-
ing study participants, and could assist clinicians in iden-
tifying individuals in need of initiating treatment, and 
even provide a basis for insurance reimbursement (treat-
ment cost is a notable barrier for individuals living with 
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SUDs; Dickson-Gomez et al. 2022). Similarly, a well-
validated predictive neuromarker could match individuals 
to treatment given their neurobiology in both research 
and clinical settings. Finally, a well-validated prognostic 
neuromarker, predictive of post-treatment use severity 
or relapse likelihood, could inform prognosis following 
treatment (Fig. 2). Still, the specific role of any biomarker 
will depend upon the evidence base for its validation in 
well-defined use cases. Here, we review recent advances 
in the field of translational human neuroimaging and 
addiction neuroscience, by (1) defining neuromarkers 
and identifying prerequisites for their development and 
assessment, (2) integrating a common understanding of 
neuromarkers and their purpose(s) with recent efforts and 
examples, and (3) looking toward the future of neuro-
marker development in addiction neuroscience.

Defining, developing, and assessing 
neuromarkers

As the field seeks to identify, validate, and ultimately trans-
late biomarkers into the clinic, it will be crucial to precisely 
define biomarkers and their potential uses (FDA-NIH Bio-
marker Working Group 2016), both for the scientists who 
develop biomarkers and the regulatory agencies that moni-
tor the safety of medical products (Califf 2018). To pro-
mote “effective, unambiguous communication,” the Food 
and Drug Administration (FDA) and National Institutes 
of Health (NIH) released the Biomarkers EndpointS and 
other Tools (BEST) resource to define biomarkers and their 
purpose (FDA-NIH Biomarker Working Group 2016). Fol-
lowing these BEST guidelines, biomarkers can range from 
specific analytes (e.g., drug metabolites) and anatomical 
features to systems-level physiological characteristics (e.g., 

Fig. 1   PubMed search results for “biomarker” AND “neuroimaging” AND [disease keyword] as of June 30, 2023. Year is shown on the x-axis 
and publication count on the y-axis. AD Alzheimer’s Disease, SUD substance use disorder

Fig. 2   A non-prescriptive model of possible neuromarker use cases in clinical practice
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brain activity/connectivity). These markers can index normal 
or abnormal processes, as well as responses to interventions 
or environmental agents (FDA-NIH Biomarker Working 
Group 2016).

Ultimately, a neuromarker links brain-based measures to 
disease outcomes through a biologically plausible pathway. 
For instance, decades of human neuroimaging research, 
as well as more invasive experimental neurobiology and 
non-human animal research (Berridge and Robinson 2016; 
Contreras et al. 2007), suggest a central role for regions 
including the amygdala, insula, and striatum in SUDs and 
addiction (Di Chiara and Imperato 1988; Koob and Volkow 
2016). Likewise, neuroimaging meta-analyses, which inter-
rogate activation across diverse methodological choices 
(e.g., stimuli, task; Ekhtiari et al. 2022), can also provide 
insight into the plausibility of potential neuromarkers by 
uncovering core circuits consistently activated in response 
to specific events (e.g., drug cue presentation; Chase et al. 
2011; Engelmann et al. 2012; Hill-Bowen et al. 2021; Noori 
et al. 2016; Schacht et al. 2013). As such, neuromarkers for 
SUDs and other addictive disorders will likely capitalize 
on activity patterns in many of these previously identified 
regions. Upon identification of a plausible biological path-
way, researchers can develop neuromarkers that provide 
insight into disease/disorder susceptibility, progression, and 
response to treatment or intervention (ACRI Network et al., 
2024). Appropriate clinical use will necessarily vary accord-
ing to the purpose of the neuromarker (more in the following 
section). Regardless of use case, a shared, common under-
standing of neuromarkers’ definition and purpose—as well 
as how to appropriately develop and assess neuromarkers—
are crucial for making progress toward implementation in 
clinical practice. Below, we review some prerequisites for 
neuromarker development and strategies for assessing neu-
romarker performance.

Sensitivity and specificity

In our view, a neuromarker must be grounded in evidence 
for both sensitivity and specificity of the phenomenon of 
interest (e.g., psychological states, case vs. control), and 
also show predictive utility and out-of-sample generaliza-
tion (i.e., new individuals, different tasks/paradigms and 
stimulus modalities, etc.). We also expect neuromarkers 
to achieve “benchmark” rates of sensitivity and specificity, 
which refer to accurate classification of the phenomenon 
of interest—whether that be psychological states (e.g., 
accurately classifying moments an individual experiences 
as craving as “craving” and other moments—like moments 
of pain or anger—as “not craving”), or persons (i.e., accu-
rately classifying individuals with the disease/pathology 
from individuals without the disease/pathology). Notably, 
positive predictive values (i.e., the proportion of positive 

results that are truly positive; PPV) are influenced by the 
base rate of the phenomenon (Poldrack et al. 2020). Thus, 
assessing sensitivity and specificity (and determining appro-
priate “benchmarks”) requires consideration of the costs of 
both incorrect positive and negative predictive values (e.g., 
clinical or societal costs of incorrect classification; Woo 
et al. 2017). In turn, this means that acceptable “benchmark” 
levels of sensitivity and specificity will be field- and case-
dependent. The sensitivity and specificity of diagnostic and 
other classification neuromarkers (discussed below) should 
be assessed using receiver operating characteristic curves, 
which characterize performance across a range of criterion 
thresholds. It is important to note that all markers have and 
will fall short of perfect performance (FDA-NIH Biomarker 
Working Group 2016). Still, upon obtaining sufficient sensi-
tivity and specificity, researchers can then proceed to estab-
lish the predictive utility of the neuromarker in novel data 
and assess its generalizability to provide greater confidence 
in its viability as a neuromarker.

Unfortunately, confusion about the definition and require-
ments for establishing neuro- and biomarkers pervades 
much of the human neuroimaging literature. Namely, previ-
ous reports of “potential biomarkers” have often reflected 
statistical associations within a single sample and were not 
evaluated to the rigorous degree required for establishment 
as a biomarker. For instance, consider the recent finding 
that the degree of hypoactivation in vmPFC is associated 
with a higher likelihood for relapse to alcohol use, which 
the authors and others described as a “neural marker” or 
“biomarker” (Blaine et al. 2015; Seo et al. 2013; Volkow and 
Baler 2013). Although it is true that vmPFC activity could 
be a potential biomarker—and could be used as an indicator, 
per the BEST workgroup (FDA-NIH Biomarker Working 
Group 2016; ACRI Network et al., 2024)—we believe that 
this finding has far to go before it is established as a bio-
marker, for several reasons. First, researchers must conduct 
rigorous tests of sensitivity and specificity, and quantify both 
positive and negative predictive values when applying the 
measure to new individual cases. We expect that vmPFC 
would fail in this regard, as hypoactivation of the vmPFC is 
not a specific marker of relapse risk in alcohol use disorder 
(e.g., hypoactivation in vmPFC is common in PTSD; Etkin 
and Wager 2007)—and single regions are likely too noisy to 
serve as neuromarkers (Chang et al. 2015). Second, the find-
ings linking vmPFC and relapse to alcohol use represent a 
within-sample statistical association, which does not equate 
to out of sample prediction (Poldrack et al. 2020). Rather 
than relying on ordinary least squares regression models 
which can overfit the data, researchers should compare per-
formance against null or non-informative models (e.g., pre-
dicting the mean, predicting most likely class). Third, the 
brain measure has not yet been used to predict outcome in 
new individuals, making the generalizability of the marker 
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in new samples unclear. Thus, there is a fundamental dis-
crepancy in the requirements set forth by the BEST tool 
(FDA-NIH Biomarker Working Group 2016) and the meth-
ods typically used to identify “potential biomarkers” in the 
human neuroimaging literature.

A useful strategy for establishing specificity is “cross-
testing” during neuromarker development. Two strategies 
for cross-testing neuromarkers are evaluating a putative 
neuromarker on data intended to elicit phenomena similar 
to (convergent validity) or unrelated to (divergent valid-
ity) the phenomenon of interest. For example, researchers 
could apply signatures/patterns developed for a particular 
construct (e.g., craving) to data intended to elicit similar 
appetitive responses (e.g., wanting/liking). Alternatively, a 
neuromarker intended to index craving should accurately 
predict self-reported craving but not predict other emotional 
experiences (e.g., negative affect; Koban et al. 2023b), and 
vice versa. To test this, researchers may apply a neuromarker 
to data intended to elicit experiences other than the construct 
of interest. Relatedly, when using visual stimuli, research-
ers can test whether intrinsic qualities of the stimuli map 
onto the neuromarker’s construct. For example, predictions 
from EmoNet (Kragel et al. 2019)—a deep learning neu-
ral network predictive of 20 different affective states from 
stimulus features—could help assess the degree to which 
the neuromarker’s predictions correlate with or is driven by 
craving-related visual features (Koban et al. 2023b).

Cross‑validated prediction

Additionally, potential neuromarkers must, in fact, be predic-
tive. Nearly half of neuroimaging studies reporting “predic-
tive” models from 2017 to 2018 reported a statistical asso-
ciation as evidence for prediction (Poldrack et al. 2020). The 
notion that a statistical association between the brain and 
behavior is sufficient for prediction broadly—and to define a 
neuromarker specifically—is misguided for several reasons. 
First, the association may not be specific (e.g., hypoactiva-
tion in vmPFC; Blaine et al. 2015; Etkin and Wager 2007). 
Second, effect sizes for positive findings selected from a 
larger set of tests (e.g., voxels in a brain map) are neces-
sarily inflated due to selection bias (Reddan et al. 2017). 
Conducting a set of tests and selectively presenting findings 
from a subset (i.e., effect size in significant voxels) is a form 
of overfitting (Vul et al. 2009). Third, standard regression 
models suffer from overfitting that results in poorer gen-
eralization of the model to new data (Copas 1983). This 
is because the same observations are used to estimate the 
model parameters (i.e., train the model) and evaluate error 
(i.e., test the model). Thus, random errors on observations 
influence both parameter estimates and predictive accuracy, 
leading to misestimation of both error and effect size. As 
a result, the training and testing errors are dependent, and 

the estimated effect size from standard models is upwardly 
biased relative to the effect size of out-of-sample predictions.

To overcome this issue, out-of-sample cross-validation 
can be used to obtain unbiased estimates of effects by iter-
atively partitioning observations into training and testing 
sets, eliminating the error dependence. It is worth noting 
that we refer here to held-out subject data, rather than held-
out data within-subjects, as this subject-level cross-valida-
tion enhances the generalizability of the resulting model 
to the broader population—a requirement for establishing 
neuromarkers. The current gold standard cross-validation 
schemes entail partitioning the data into several subsets (i.e., 
k subsets/k folds), whereby a model is trained on a nearly 
full dataset, with the exclusion of a fold (subset); the fit of 
the model is then tested on the held-out fold. For exam-
ple, tenfold cross-validation iteratively trains on 90% of the 
participants and tests on the held out 10%. This increases 
the bias towards chance performance, as a smaller subset of 
observations are used in training, and protects against the 
risk of model overfitting. At present, 5- or tenfold cross-
validation are often preferred over older leave-one-out cross-
validation schemes (Poldrack et al. 2020). Fortunately, there 
are some common rules for appropriately developing and 
cross-validating predictive models, reviewed in detail else-
where (Poldrack et al. 2020; Scheinost et al. 2019; Woo et al. 
2017).

Interpretability

Because machine learning algorithms make use of high 
dimensional datasets, interpretability can be problematic. 
Indeed, interpretability remains a major pitfall of the com-
plexity of machine learning models, in which there may be 
thousands of features contributing to prediction. Fortunately, 
to improve model interpretability, there are numerous strat-
egies available. One is data reduction methods—such as 
least absolute shrinkage and selection operator and ridge-
regularization methods (Grosenick et al. 2013; Koban et al. 
2023b) or selecting only the most relevant (i.e., correlated 
with behavior at some threshold) features across numerous 
folds of cross-validation (Shen et al. 2017)—that constrain 
the input of models to fewer features. However, this may 
result in less stable or irreproducible sets of regions, if the 
activation in the selected features is highly correlated. Alter-
natively, bootstrapping can identify peak regions with sig-
nificant weights, permitting interpretation of the relationship 
between those voxels and the construct of interest (Koban 
et al. 2023a, b). Researchers may also consider selecting only 
features that discriminate a target state from multiple con-
trol conditions (van 't Hof et al. 2022)—or examine which 
voxels are associated with simple, univariate encoding and 
multivariate encoding, as well as the overlap between the 
two (Haufe et al. 2014; Wager et al. 2011). Likewise, it can 
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be useful to estimate structure coefficients (model encod-
ing maps) to further enhance interpretability; whereas high 
model weights in a multivariate pattern/signature identify 
voxels important for prediction (but which are also depend-
ent upon the covariance structure and noise in the data—i.e., 
brain covariates in the model), structure coefficients identify 
voxels individually associated with the predicted outcome 
(independent of brain covariates; Haufe et al. 2014). Thus, 
it is then possible to identify model features (here, voxels) 
with both high model weights and high structure coefficient 
values—which jointly indicate the voxels most associated 
with the outcome (Čeko et al. 2022). To interpret the role for 
specific regions or systems, researchers can use permutation 
testing to scramble information embedded within regions 
or systems (Nielsen et al. 2023) or exclude information 
from the region or system in analysis to assess the impact 
on prediction (Petre et al. 2022). Last, another strategy is 
to compare a neuromarker in development to resting-state 
networks and meta-analytic topic maps (e.g., Neurosynth; 
Kohoutova et al. 2020), and perhaps even use these tools to 
identify a priori regions of interest for neuromarker develop-
ment (Goldstein-Piekarski et al. 2018; Wager et al. 2013).

Nuisance variables and sample size

Of course, as with any neuroimaging study, researchers must 
also be cognizant of the influence of nuisance variables and 
sample size on findings. Certainly, human neuroimaging 
is susceptible to influence of nuisance variables, like head 
motion or eye blinks. Nuisance variables systematically 
impact the features used for predictive modeling (e.g., acti-
vation estimates), and some of the earliest “predictive mod-
els” largely capitalized on noise (e.g., motion; Eloyan et al. 
2012). Another consideration worth mentioning is sample 
size, as larger samples produce more reproducible brain-
behavior estimates (Marek et al. 2022). That said, more 
modest samples remain useful for developing predictive 
models when using appropriate multivariate methods and 
cross-validation (Spisak et al. 2023). Thus, informative and 
interpretable neuromarkers will need robust checks against 
influence from noise and potential confounds, and careful 
attention to potential biases in results stemming from the 
typically small samples of many neuroimaging studies.

Validation and generalization

After developing a putative neuromarker and establishing 
sufficient cross-validated prediction accuracy comes yet 
another challenge: validation and generalization. Although 
cross-validation tests a model on held-out subjects, pro-
spectively testing a model on independent and novel data is 
a more robust test of generalizability, and is necessary for 
proper validation. Certainly, neuromarkers must generalize 

to independent observations, including across unique par-
ticipants/individuals, multiple scanners/sites, and various 
research teams, tasks, and stimuli. Neuromarkers that fail to 
perform adequately in novel contexts will require revision 
and careful attention to potential biases and non-independ-
ence in development (e.g., assessing multiple model algo-
rithms and selectively reporting the best performing model; 
Poldrack et al. 2020; Varoquaux and Cheplygina 2022; Woo 
et al. 2017). Neuromarkers which do generalize to novel con-
texts, though, hold promise for validation in pre-registered 
studies and trials, which will facilitate translation from com-
putation to the clinic (Yip et al. 2022).

Types of neuromarkers

Susceptibility neuromarkers

With these prerequisites for neuromarker development in 
mind, we now consider different types of neuromarkers, 
each with unique associated use cases. Prior to disease 
onset, susceptibility neuromarkers identify individuals at 
risk for the transition from health to pathology. In SUDs, 
a susceptibility neuromarker would index the potential for 
a currently healthy individual—i.e., without an SUD—to 
develop a future SUD. Identifying individuals most at-risk 
for problematic use patterns will aid in targeting early pre-
vention strategies and resources. Although susceptibility 
neuromarkers provide opportunity to intervene at the ear-
liest stage—i.e., prior to disorder onset—they may prove 
most challenging to develop and validate. Indeed, we are not 
aware of any validated neuromarkers or biomarkers of future 
SUD risk in individuals without SUD. Many neurobiological 
changes that follow prolonged exposure to substances are a 
consequence of use (Berridge and Robinson 2016; Di Chiara 
and Imperato 1988; Koob and Volkow 2016), but suscepti-
bility neuromarkers can only rely on pre-existing differences 
that predispose individuals to developing SUDs, and thus 
may prove more difficult to develop. Notably, one candidate 
biomarker includes genes that regulate aldehyde dehydroge-
nase, which are associated with likelihood of developing an 
alcohol use disorder (AUD; Tawa et al. 2016). Similarly, the 
additive effects across many common single nucleotide poly-
morphisms help to explain variance in dependence liability 
across a range of substances (Palmer et al. 2015), suggesting 
that genetic markers may be useful. However, the relation-
ships are weak and likely complex, and may not be strong 
enough to be of practical significance in preventing SUDs. 
Still, as with other biomarkers, establishing genetic markers 
of SUD will require quantification of the marker’s sensitiv-
ity, specificity, positive and negative predictive values, as 
well as systematic tests of forward predictive utility in new 
individuals, prior to the onset of problematic substance use.
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Imaging consortia that leverage longitudinal designs 
(e.g., repeatedly measuring brain responses during transi-
tional periods from health to pathology) and aggregate data 
across many research sites will be crucial for developing 
and validating brain-based susceptibility neuromarkers. For 
example, the Adolescent Brain and Cognitive Development 
(ABCD) study, which tracks neurobiological and behavioral 
development from ages 9–10 into adolescence and young 
adulthood (Casey et al. 2018), includes the highest risk 
period for first alcohol and nicotine use (i.e., ages 10–16; 
Wittchen et al. 2008) and may yield data that could be used 
for the development of biomarkers and neuromarkers of 
substance use. In a recent effort to leverage the first-wave 
data from ABCD, researchers have clustered participants 
into distinct neurodevelopmental profiles associated with 
relatively low or high reward sensitivity, impulsivity, and 
emotion regulation prior to adolescence (Lichenstein et al. 
2022)—factors that have been previously linked to SUD 
development (Castellanos‐Ryan et al. 2013; Kober 2014). 
That said, these profiles were not associated with future sub-
stance use in this sample. Indeed, the approach does not yet 
meet any of the prerequisites outlined above for putative 
susceptibility neuromarkers, and instead identifies statistical 
associations among classes of participants which are clus-
tered by their pattern of local brain activity across several 
tasks. Still, future data from ABCD or other consortia may 
prove useful, and further efforts to compile neuroimaging 
datasets from multiple sites and research teams will provide 
valuable opportunities for validating putative susceptibility 
(and other) neuromarkers across a variety of methodological 
parameters (Ekhtiari et al. 2022).

Diagnostic neuromarkers

Other neuromarkers inform the natural progression of a 
pathology. For instance, a diagnostic neuromarker accu-
rately classifies individuals currently experiencing a disease 
or pathology, such as individuals with versus without an 
SUD diagnosis. Critics argue that such models may provide 
limited insight by simply recapitulating the extant diagnos-
tic system (American Psychiatric Association 2013), which 
fails to incorporate a neurobiological basis of pathology 
(Hyman 2007; Kotov et al. 2017). Still, identifying neuro-
biological differences between individuals with versus with-
out a diagnosis is an important benchmark of establishing 
meaningful neurobiological models of pathology (Woo et al. 
2017). By doing so, diagnostic biomarkers provide a tool for 
assessing convergent validity with the clinical presentation 
of a disorder (e.g., self-reported symptoms), help to explain 
the biological contributors to disease processes (and thus 
potentially validate existing diagnostic categories), and pro-
vide targets for intervention.

Some researchers have built complex models sufficient 
for distinguishing between adolescents that do or do not mis-
use alcohol with reasonable accuracy (approximately 75%), 
although the model included a burdensome range of meas-
ures, spanning personal history (e.g., relationships, smoking 
status), personality (e.g., conscientiousness), genetic, brain 
(e.g., gray matter volume, functional activation), and perfor-
mance on in-laboratory tasks (Whelan et al. 2014). Despite 
the inclusion of brain-based and other biological predictors 
in the model, and the appropriate use of cross-validation, it 
is, by definition, not a biomarker. Further, the model’s pre-
dicted outcome centered on risky use rather than a diagnosis 
of SUD. Additionally, the complexity of the model under-
scores a potential challenge for biomarkers: feasibility in the 
clinic. That is, biomarkers comprising composites of many 
tasks and variables—even if all measures are biological in 
nature—will likely be less feasible to implement in clinical 
practice, to assess repeatedly as pathology progresses, or 
meet the stringent criteria required for biomarker validation.

More recently, we developed the neurobiological craving 
signature (NCS), a multivariate fMRI-based diagnostic neu-
romarker that reliably differentiated individuals with SUDs 
from those without SUD, based on brain activity (NCS 
pattern expression) during exposure to drug-related cues 
(Koban et al. 2023b). In one analysis using the difference 
between neural activity to drug cues minus neural activity to 
food cues, the NCS classified the two groups with 82% accu-
racy (sensitivity = 97%, specificity = 60%). Although classi-
fication performance remains imperfect—as expected (FDA-
NIH Biomarker Working Group 2016)—performance rivals 
other biomarkers routinely used in clinical practice (e.g., 
COVID-19 antigen test sensitivity is only 65%, and even 
lower among asymptomatic cases; diagnostic mamograms 
show ~ 86% sensitivity and ~ 91% specificity; Jegerlehner 
et al. 2021; Lehman et al. 2015).

Prognostic/monitoring neuromarkers

Neuromarkers can also inform the progression of pathology 
after onset of SUD or another disorder, such as prognostica-
tion of future SUD severity or monitoring of SUD severity 
over time. For example, a prognostic neuromarker might 
identify individuals at risk for relapse to substance use fol-
lowing a period of abstinence (e.g., in-patient treatment). 
One promising finding is that drug cue-related activity in the 
nucleus accumbens/ventral striatum, for instance, is associ-
ated with future relapse likelihood in a sample of individu-
als with stimulant use disorder (MacNiven et al. 2018) and 
more broadly (Vafaie and Kober 2022). Still, this and other 
similar findings (e.g., Blaine et al. 2015; Seo et al. 2013) 
fail to meet the burden-of-proof required of neuromarkers 
(e.g., validation in out-of-sample cohorts, across substances, 
tasks, and research sites). In a similar manner, monitoring 
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neuromarkers that track SUD severity could help identify 
individuals at greatest need of intervention or most at risk for 
adverse outcomes. Perhaps unsurprisingly, greater activation 
along the mesolimbic dopamine pathway in response to drug 
cues has been cross-sectionally associated with more severe 
alcohol use, at least in one sample (Sjoerds et al. 2014). As 
such, it is possible that cue reactivity along this pathway 
holds promise for identifying individuals with greater sensi-
tivity to environmental drug cues. That said, there remain no 
validated predictive models of addiction or drug use sever-
ity to our knowledge. By developing specific and sensitive 
prognostic and monitoring [severity] neuromarkers, the field 
will move closer to online/active assessment of disease pro-
gression both in the absence and presence of intervention.

Response neuromarkers

In the clinic, neuromarkers could inform the efficacy of 
treatments by examining the degree to which a particular 
intervention modulates the neuromarker response. In other 
words, assessing a neuromarker before and after an interven-
tion could objectively index treatment response. Such meas-
ures would represent a response neuromarker. A subclass is 
a pharmacodynamic biomarker, a biomarker for drug effects 
on a biological process that shows evidence for penetrance 
into tissue and/or engagement of an intended mechanism 
of action. Objective measures of engagement of biological 
(i.e., brain) targets and treatment response in SUD are sorely 
needed (Volkow et al. 2015). As noted above, individuals 
with SUDs often suffer from impaired insight into the sever-
ity of the disorder and its symptoms (e.g., fewer than 20% 
seek treatment; Goldstein et al. 2009); self-report may be 
too inaccurate, and long-term behavior change too slow and 
variable to provide for the efficient evaluation of a treat-
ment. Response neuromarkers provide an objective bench-
mark by which to evaluate treatment target engagement and 
treatment effectiveness, and can be used in conjunction with 
self-reported changes in symptoms (e.g., cravings, use pat-
terns). Human neuroimaging holds promise for future devel-
opment of response neuromarkers. For example, the opioid 
antagonist naltrexone produces concomitant decreases in 
fMRI measures of cue reactivity, including in the nucleus 
accumbens/ventral striatum among other regions, as well as 
self-reported desire for alcohol in response to olfactory and 
visual cues in patients with alcohol use disorder (Bach et al. 
2020; Lukas et al. 2013; Schacht et al. 2017).

In fact, the NCS (Koban et al. 2023b)—which is freely 
available and ready for research use—could be evaluated as 
a response neuromarker in the context of pharmacological 
treatments known to mitigate cue reactivity in mesolimbic 
regions as well as self-reported cravings (Bach et al. 2020; 
Lukas et al. 2013). Such efforts could uncover meaning-
ful changes in neuromarker expression that could further 

understanding of treatment mechanisms, and also provide 
evidence of treatment effects that remain beneath conscious 
awareness (e.g., due to slow/incremental changes in neu-
robiological response or impaired insight into functional 
status). During its development, the NCS showed sensitiv-
ity to a cognitive regulation strategy known to reduce the 
intensity of self-reported cue-induced cravings (i.e., thinking 
about adverse consequences of smoking; Kober 2014; Kober 
et al. 2010a, b; Naqvi et al. 2015; Suzuki et al. 2020), that 
was drawn from cognitive-behavioral treatments for SUDs 
(Carroll 1998). Specifically, expression of the NCS pattern 
was lower when regulating cravings than simply looking 
at the images (Koban et al. 2023b). Thus, it is likely that 
other behavioral strategies for regulating craving and nega-
tive affect, like mindfulness-based acceptance, may similarly 
reduce NCS response (Kober et al. 2019; Roos et al. 2023; 
Westbrook et al. 2013). Future work should test this, and 
also consider how longer-term behavioral interventions and 
skills training, pharmacological, and transcranial magnetic 
stimulation interventions could further modulate the NCS 
response.

Predictive neuromarkers

Clearly, neuromarkers hold great promise for improving 
clinical outcomes in SUDs and beyond. One final and par-
ticularly exciting promise of neuromarker development is 
movement toward personalized medicine by stratifying 
subgroups (i.e., biotypes) of patients through predictive 
neuromarkers. It would be useful to predict which indi-
viduals respond favorably to a given treatment for several 
reasons. First, because the suite of treatments available to 
address SUDs is diverse (Carroll 2021)—spanning cogni-
tive-behavioral (Kober et al. 2010a, b; Magill et al. 2019) 
and mindfulness-based interventions (Brewer et al. 2011; 
Li et al. 2017; Roos et al. 2023) to contingency manage-
ment (Prendergast et al. 2006) and pharmacological inter-
ventions (e.g., opioid antagonists [naltrexone]; Bach et al. 
2020; Lukas et al. 2013). As such, neuromarker develop-
ment should include efforts to predict treatment response in 
a treatment-specific way. For instance, individuals with more 
severe SUDs tend to respond better to Mindfulness-Based 
Relapse Prevention than do individuals with less severe 
SUDs (Roos et al. 2017). Though speculative, this could 
be because mindfulness-based strategies, like acceptance of 
cravings or negative affect, do not recruit lateral prefrontal 
regions implicated in cognitive control (Kober et al. 2019; 
Westbrook et al. 2013) that are often compromised in indi-
viduals with SUDs (Goldstein et al. 2009). Notably, the NCS 
includes negative weights in the lateral prefrontal cortex 
(i.e., greater activity is associated with less craving). Thus, 
the NCS or other neuromarkers could, in theory, identify 
individuals pre-treatment that could potentially benefit more 
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from mindfulness-based than other cognitive-behavioral 
interventions that rely on effortful control and lateral PFC 
(Buhle et al. 2014; Kober and Mell 2015; Kober et al. 2010a, 
b). A similar approach could be taken for pharmacological 
treatment-matching as well.

Second, it would be useful to predict which individu-
als respond to a given psychiatric/psychological treatment 
because SUDs are heterogeneous (e.g., severity, substance 
used, treatment responsiveness, symptoms endorsed; Carroll 
2021) and co-morbid (e.g., half of individuals with an SUD 
will qualify for a diagnosis of a different mental health dis-
order; NIDA 2020). Thus, individuals differ in their response 
to various treatments. The purpose of predictive neuromark-
ers is to identify individuals that would most benefit from 
(or potentially be harmed by) a treatment or intervention. 
Efforts on this front will move the field closer to person-
alized medicine through treatment-matching (McMahon 
2014). As recommended in the BEST resource (FDA-NIH 
Biomarker Working Group 2016), randomized clinical trials 
that include individuals with a range of biomarker values 
undergoing treatment could identify subgroups that will ben-
efit most from a particular therapy or intervention. Accu-
rately predicting response prior to treatment initiation holds 
great promise for alleviating substantial burden to patients, 
providers, and society (e.g., healthcare costs, lost productiv-
ity) stemming from SUDs by expediting effective treatment 
delivery.

Recent developments and future directions 
in neuromarkers for substance use disorders

Finally, we turn to recent developments in neuromarkers 
for SUDs. Earlier work identified connectivity patterns 
predictive of cocaine (Yip et al. 2019) and opioid relapse 
(Lichenstein et al. 2021), and over the past year, both task-
based activation and functional connectivity approaches 
have yielded putative neuromarkers of craving (Garrison 
et al. 2023; Koban et al. 2023b), as well as a putative diag-
nostic neuromarker of substance use (Koban et al. 2023b) 
and chronic cannabis use (i.e., chronic cannabis using indi-
viduals vs. non-using individuals; Kulkarni et al. 2023). 
See Table 1 for a summary of neuromarkers for SUD to 
date. Collectively, these developments represent important 
progress toward neuromarkers in SUDs and addiction. That 
said, we consider each in turn below, with a focus on adher-
ence to the development and assessment guidelines outlined 
above, as well as their potential clinical utility.

The NCS represents the first developed neuromarker of 
food and drug craving (Koban et al. 2023b). Importantly, 
in its development, we carefully followed all the guidelines 
presented above, including using a tenfold cross-validation 
procedure and bootstrapped maps to identify consistent 

predictors that aid interpretability. Additionally, both train-
ing and testing data came from multiple studies—represent-
ing individuals with or without alcohol, cocaine, and tobacco 
use disorders—and various scanners/sites; consistently, the 
cross-validation procedure stratified across these study-level 
characteristics. The diversity of both participants and study 
site provides varied conditions that induce machine learn-
ing algorithms to find generalizable patterns. From this rich 
dataset, we identified an fMRI-based multivariate pattern, 
or signature, in response to drug and food cue presenta-
tion that is predictive of subsequent self-reported craving 
intensities (Koban et al. 2023b). Of note, the model includes 
weights in regions well-known for their role in craving and 
cue reactivity, including the striatum, insula, and amygdala 
(Chase et al. 2011; Di Chiara and Imperato 1988; Engel-
mann et al. 2012; Hill-Bowen et al. 2021; Koob and Volkow 
2016; Noori et al. 2016; Schacht et al. 2013), among others. 
Further, the pattern successfully classified individuals with 
versus without SUDs (82% accuracy), as well as highest 
versus lowest craving within individuals (81% accuracy), 
and showed sensitivity to a cognitive regulation strategy 
(Koban et al. 2023b). Thus, even in initial development, the 
NCS achieves (i) sensitivity and specificity (for both person-
level classification and within-person craving intensities); 
(ii) forward predictive utility; and (iii) generalization across 
scanners, sites, and substance types.

Notably, with additional validation, the NCS could ulti-
mately fulfill numerous neuromarker purposes. For instance, 
its ability to accurately classify individuals with versus with-
out SUD represents promise as a diagnostic neuromarker. 
Similarly, its sensitivity to cognitive regulation strategies 
suggests it may also fulfill a role as a response neuro-
marker. It is also possible that the NCS might hold promise 
as a prognostic or predictive neuromarker. Future research 
should test whether the NCS might successfully predict, for 
example, relapse risk or other long-term outcomes. Like-
wise, the NCS may well be sensitive to other strategies for 
regulating craving, such as the mindfulness-based strategy 
of acceptance (Kober et al. 2019; Roos et al. 2023; West-
brook et al. 2013), or other interventions (e.g., transcranial 
magnetic stimulation). These directions should be explored 
during future validation tests of the NCS.

The other putative neuromarkers rely on functional con-
nectivity rather than activation. Kulkarni et al. (2023) report 
accuracy similar to that of the NCS when classifying chronic 
cannabis users versus non-users (~ 80%; Kulkarni et al. 
2023), satisfying the need for sensitivity and specificity. 
That said, the authors tested numerous models with various 
parameters and selected the best-fitting model, introducing 
potential bias and non-independence in model selection 
(Poldrack et al. 2020; Woo et al. 2017). As a result, it may 
be less likely to generalize in subsequent validation testing. 
Likewise, some top contributors to the model predictions 
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(i.e., nodes with the highest degree centrality) do not map 
as clearly to the regions implicated in animal research and 
meta-analyses (Chase et al. 2011; Di Chiara and Imperato 
1988; Engelmann et al. 2012; Hill-Bowen et al. 2021; Koob 
and Volkow 2016; Noori et al. 2016; Schacht et al. 2013).

Garrison et al. (2023) also report developing a puta-
tive neuromarker of craving. Like the NCS, Garrison et al. 
(2023)’s model predicts craving in response to both food 
and drugs (i.e., alcohol, cocaine). The authors implemented 
a rigorous tenfold cross validation and a leave-one-group-
out cross-validation scheme to account for influences of 
any specific sub-sample. However, as others have noted 
(Konova and Schweitzer 2023), Garrison et al. (2023)’s 
“craving network” seemingly captures person-specific vari-
ation related to craving; that is, it predicts average craving, 
but not imagery-induced change in craving (i.e., from pre- to 
post-imagery). This limitation is crucial in that it may under-
mine the possibility of the model serving either response 
or predictive neuromarker purposes, as it may be insensi-
tive to the effects of treatment/intervention. Further, models 
trained to identify individual differences (rather than states) 
are more likely to suffer from influences of variables which 
co-occur with a SUD diagnosis (e.g., anxiety, depression, 
BMI, fatigue, head movement).

Indeed, a major challenge—particularly for models that 
rely on individual differences—will be the frequent psy-
chiatric comorbidities among individuals with SUDs. For 
instance, individuals with severe psychotic disorders, rela-
tive to the general population, are more than four times as 
likely to engage in heavy smoking, drinking, and marijuana 
use (Hartz et al. 2014); attention-deficit/hyperactivity disor-
der and other externalizing disorders are frequently seen in 
adolescents who misuse substances (Kroll et al. 2020); and 
lifetime prevalence of mood and anxiety disorders among 
adults with at least one SUD are 40.9% and 29.9%, respec-
tively (Conway et al. 2006), much higher than expected in 
individuals with no SUDs. Given that so many individuals 
with SUD will qualify for the diagnosis of an additional 
mental health disorder (NIDA 2020), careful attention will 
be required in the application and interpretation of neuro-
markers which might capitalize on person-level variability. 
Indeed, neuromarkers which rely on within-person processes 
specific to drug use and SUDs (e.g., the NCS; Koban et al. 
2023b) will likely outperform alternative models. Ulti-
mately, we expect that the significant comorbidities seen 
in SUDs will not detract from the fact that there are psy-
chological and neurobiological commonalities among indi-
viduals with SUDs (American Psychiatric Association 2013; 
Volkow et al. 2019), which can be identified and leveraged 
as neuromarkers.

In this context, it is clear that targeting component 
processes during neuromarker development is of utmost 
importance. Because craving is a key diagnostic criterion 

of SUDs that is strongly associated with relapse and future 
use (for a meta-analysis, see Vafaie and Kober 2022), neu-
romarkers that target the component process of craving, 
like the NCS (Koban et al. 2023b), may hold promise for 
diagnostic, monitoring [severity], response, and predic-
tive purposes. Interestingly, the cannabis diagnostic neu-
romarker shows an association between classification con-
fidence and self-reported cue-induced cravings (Kulkarni 
et al. 2023), despite not using craving ratings in model 
development.

As research groups continue developing putative neuro-
markers, it will be important to conduct cross-marker test-
ing—in a manner similar to neuromarker development (see 
above). Some neuromarkers may be developed for specific 
contexts (e.g., susceptibility), whereas others could fulfill 
multiple purposes (e.g., NCS already shows promise for 
diagnostic and response purposes; Koban et al. 2023b). 
Cross-marker testing will inform which putative neuro-
markers hold the most promise for a given aspect of clini-
cal practice. Indeed, evidence suggests that the functional 
networks which disambiguate individuals with a diagnosis 
versus individuals without a diagnosis (e.g., SUD vs. control 
participants) sometimes differ from the networks which pre-
dict clinical outcomes within individuals (Yip et al. 2019). 
Thus, a crucial direction forward for the field is identifying 
the relative clinical import of models that are more sensitive 
to individual differences (e.g., the “craving network”; Garri-
son et al. 2023) versus state-specific changes (e.g., intensity 
in cravings, like the NCS; Koban et al. 2023b).

The advances in developing neuromarkers of core pro-
cesses in SUDs, like craving, can also further our theoreti-
cal understanding of SUDs and other addictive disorders. 
Indeed, adding to the evidence that craving in response drug, 
food, or other cues rely on a shared neural substrate (Volkow 
et al. 2017), both the NCS and “craving network” predict 
cravings in response to both food and drug cues (Garrison 
et al. 2023; Koban et al. 2023b). Still, neither marker has 
been tested among individuals with eating disorders or to 
differentiate individuals who are obese versus not-obese. 
Because food cue reactivity and craving are prospec-
tively associated with eating and weight-related outcomes 
(Boswell and Kober 2016), as drug cues are with use and 
relapse (Vafaie and Kober 2022), neuromarkers of craving 
could inform whether neurobiological differences among 
individuals with versus without obesity or eating disorders 
resemble differences seen among substance using and non-
using individuals (in response to food cues or drug cues, 
respectively). Relatedly, given the re-classification of “path-
ological gambling” to “gambling disorder” in the “addictive 
disorders” category in the DSM-5 (American Psychiatric 
Association 2013), and evidence that individuals with prob-
lematic gambling behaviors show enhanced cue reactivity 
relative to control participants (Goudriaan et al. 2010; Kober 
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et al. 2016), neuromarkers of craving could similarly inform 
the neurobiological basis of gambling disorder.

Clearly, the field is making impressive strides toward 
neuromarkers of SUDs, despite a slow start relative to other 
fields (Fig. 1), but important work remains. Craving—a core 
feature of SUD and addiction—appears a viable target for 
neuromarker development (Garrison et al. 2023; Koban et al. 
2023b), and even markers not explicitly intended for craving 
appear related to the construct (Kulkarni et al. 2023). Still, 
only some of these markers were developed using the”best 
practices” outlined above (Koban et al. 2023b), and all 
putative neuromarkers require additional extensive testing 
to determine sensitivity and specificity, predictive utility, 
and generalization via external validation with novel par-
ticipants, tasks, and research protocols. These aims will be 
facilitated by large-scale data sharing efforts and imaging 
consortia (e.g., ABCD). During this process, cross-marker 
testing will identify the most effective neuromarkers for a 
given purpose, and potentially spur translation to clinical 
practice (e.g., if a candidate marker shows promise as a 
monitoring [severity]/response neuromarker). Further, lev-
eraging data from randomized clinical trials will strengthen 
our understanding of the neurobiological basis of treatments, 
and perhaps inform predictions of treatment effectiveness 
and lead to treatment-matching and personalized medicine. 
Future research efforts should include individuals without 
SUDs that struggle with cravings, including individuals with 
obesity, eating disorders, and gambling disorder. In all, the 
field is ripe with opportunities for advancing our understand-
ing of the neurobiological basis of SUDs as well as improv-
ing clinical practice.
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