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Substance use epidemic
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Clinical reality
• Evidence-based treatments exist

• Same tx highly variable across individuals

• High relapse rates 
– retention in opioid tx <6 months for 30-50% 
– increased overdose risk following treatment

• ‘Traditional’ variables do not predict 
– e.g., little variance explained by baseline use



S L I D E  4

Neuroimaging of addiction outcomes
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Some limitations:

> Need more studies of opioid-use disorder

> Systematic review

> Most studies single timepoint

> Need to identify brain predictors 
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Drug-cue findings (aggregate)

Moningka et al., Neuropsychopharmacology 2019
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Treatment and abstinence effects

replication and longitudinal research needed 

Prefrontal cortex

Striatum (reward)

Moningka et al., Neuropsychopharmacology 2019
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Some limitations:

> Need more studies of opioid-use disorder

> Systematic review

> Most studies single timepoint

> Need to identify brain predictors 

> Develop machine learning models
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> Term ‘predicts’ often misused 

> Correlation ≠ prediction

> Over-fitting models limits reproducibility

https://www.educative.io/edpresso/overfitting-and-underfitting
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Machine learning (aka predictive modeling)

• Training dataset > predictive model

• Test dataset > model validation

• Goal = generate predictions in novel data

• Key step for translation into clinical setting

• Can also be used for neurobiological discovery
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> data-driven machine learning approach

> no a priori specification of networks

> predict and identify networks

What is a connectome?
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“A comprehensive…description of the 
network of elements and connections 

forming the human brain. We propose to call 
this dataset the human “connectome,” and 
we argue that it is fundamentally important 

in cognitive neuroscience and 
neuropsychology.” 

Sporns et al., PLOS Computational Biology 2005 
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‘traditional’ fMRI overview
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Traditional fMRI

‘activity’ = BOLD response to a stimulus (burger)

Time →

vs.
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Functional connectivity (the ‘connectome’)

‘connectivity’ = temporal coherence 
between brain regions

connectivity 
strength (r)
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Functional connectome

“what fires together, 
wires together”
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Functional connectivity (the ‘connectome’)

‘connectivity’ = temporal coherence 
between brain regions

connectivity 
strength (r)

“You jump, I jump”
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Functional connectivity (the ‘connectome’)

‘connectivity’ = temporal coherence 
between brain regions

‘connectome’
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10/8/20, 11(05 AMFig. 1 | Nature Communications

Page 2 of 3https://www.nature.com/articles/s41467-018-04920-3/figures/1

Task-induced brain state is a key determinant of individual trait prediction

accuracy. a Results from the cross-validated CPM pipeline in each of the 9 HCP

conditions (n = 515) using an edge-selection threshold of P < 0.001, plotted as and

ordered by percent of fluid intelligence (gF) variance explained. Gam, gambling

task; WM, working memory task; Emo, emotion processing task; Mot, motor task;

Lang, language task; Soc, social task; Rel, relational task; R1, rest1; R2, rest2. b–d
Expansion of results presented in a for the WM, emotion, and rest1 conditions;

each point represents the relationship between predicted and observed gF for a

single subject, colored by subject sex (F, female; M, male), plotted with the best-fit

line and its 95% CI (gray area). rs, Spearman’s correlation coefficient; significance

assessed via 1000 iterations of permutation testing. e–h Results of CPM analyses
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Brain state manipulation improves prediction

Greene et al., Nature Communications, 2018

<5% variance in IQ 
explained by model 

using resting state data

~3-12% variance in IQ 
explained by models 

using data from 
different tasks



S L I D E  20

Clinical relevance of brain state
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ORIGINAL ARTICLE

Real-Time Electronic Diary Reports of Cue Exposure
and Mood in the Hours Before Cocaine
and Heroin Craving and Use
David H. Epstein, PhD; Jessica Willner-Reid, BSc; Massoud Vahabzadeh, PhD;
Mustapha Mezghanni, MS; Jia-Ling Lin, PhD; Kenzie L. Preston, PhD

Context: In ecological momentary assessment (EMA),
participants electronically report their activities and moods
in their daily environments in real time, enabling a truly
prospective approach to the study of acute precipitants
of behavioral events. Ecological momentary assessment
has greatly enhanced the study of tobacco addiction, but
its use has rarely been attempted in individuals with co-
caine or heroin addiction.

Objective: To prospectively monitor the acute daily life
precipitants of craving for and use of cocaine and heroin.

Design: Cohort study.

Participants: A volunteer sample of 114 cocaine- and
heroin-abusing outpatients who were being treated with
methadoneprovidedEMAdataonhandheldelectronicde-
vicesfor14 918person-days(mean,130.9;range,6-189days
perparticipant).Oftheseoutpatients,a totalof102(63men,
39 women) provided acute precraving and/or preuse data
and were thus included in the present analyses.

Main Outcome Measures: Changes in reports of mood
and exposure to 12 putative drug-use triggers at ran-
dom intervals during the 5 hours preceding each self-

reported episode of drug craving or use, analyzed via re-
peated-measures logistic regression (generalized linear
mixed models).

Results: During the 5 hours preceding cocaine use or
heroin craving, most of the 12 putative triggers showed
linear increases. Cocaine use was most robustly associ-
ated with increases in participants reporting that they “saw
[the] drug” (P! .001), were “tempted to use out of the
blue” (P! .001), “wanted to see what would happen if I
used” (P! .001), and were in a good mood (P! .001).
Heroin craving was most robustly associated with in-
creases in reports of feeling sad (P! .001) or angry
(P=.01). Cocaine craving and heroin use showed few re-
liable associations with any of the putative triggers as-
sessed.

Conclusions: These findings confirm that polydrug-
abusing individuals can provide behavioral data in their
daily environments using handheld electronic devices and
that those data can reveal orderly patterns, including pro-
spectively detectable harbingers of craving and use, which
may differ across drugs.

Arch Gen Psychiatry. 2009;66(1):88-94

T HE STUDY OF CRAVING AND
lapse during attempts to quit
smoking has been quietly
revolutionized by the use of
handheld data-collection de-

vices that enable study participants to re-
port, in real time, their activities and moods
in their daily environments.1 This method-
ology is referred to as experience sam-
pling2 or ecological momentary assess-
ment (EMA).3 A personal digital assistant
(PDA) (eg, PalmPilot) configured for use in
EMA is called an electronic diary. Ecologi-
cal momentary assessment comprises 2
complementary types of data collection. The
first type occurs through random prompts,
enabling assessment of the base rates of ex-
posure to putative craving/lapse triggers,
such as stressors and drug-associated cues.4

The second type of data collection is par-
ticipant-initiated; participants are typi-
cally instructed to initiate an EMA entry im-
mediately after each episode of craving or
use. These event-driven data provide near–
real-time self-reports of such episodes.

Ecological momentary assessment
data collected through random prompts
enable a truly prospective approach to
the question of what events precede a
specific episode of use. For example,
Shiffman and Waters5 used such data to
show that lapses to cigarette smoking
were preceded by increases in negative
affect across a time frame of hours, but
not days—in other words, during a pe-
riod that could not have been captured if
participants had merely made daily visits
to a laboratory for assessment.

Author Affiliations: Treatment
Section, Clinical Pharmacology
and Therapeutics Research
Branch (Drs Epstein and
Preston, and Ms Willner-Reid),
and Biomedical Informatics
Section (Drs Vahabzadeh and
Lin, and Mr Mezghanni),
Intramural Research Program,
National Institute on Drug
Abuse, National Institutes of
Health, Department of Health
and Human Services,
Baltimore, Maryland.

(REPRINTED) ARCH GEN PSYCHIATRY/ VOL 66 (NO. 1), JAN 2009 WWW.ARCHGENPSYCHIATRY.COM
88

©2009 American Medical Association. All rights reserved.
Downloaded From: https://jamanetwork.com/ by a Yale University User  on 10/26/2020

> ecological momentary assessment

> cocaine + opioid use disorders (N=114)

> track dynamic changes in mood and use

Epstein et al., Archives of General Psychiatry, 2009
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Different mood states predict opioids vs. cocaine

Epstein et al., Archives of General Psychiatry, 2009
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Brain state study design

n=74*
Pre Post

12-week, 
outpatient 
treatment#

#behavioral therapy +/- medication for cocaine-use

*opioid-dependent, methadone-maintained 

Yip et al., American Journal of Psychiatry, 2019



S L I D E  24

Data-driven, whole-brain, machine 
leaning approach 

Uses connectomes to predict 
behavior

Identifies individual connections 
underlying behavioral predictions

Distinguishes positive and negative 
predictive connections
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A. Feature selection from connectomes
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Brain-state specific prediction of abstinence

Lichenstein, et al., Molecular Psychiatry, 2021, 2023*

Yip et al., American Journal of Psychiatry, 2019*

Cocaine network replicated in 2 independent samples**

model failure

model success
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Cocaine abstinence network*

Positive network – 
increased connectivity 

predicts abstinence

Negative network – 
decreased connectivity 

predicts abstinence

*only 539 connections, <2% of possible connections
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Dissociable opioid and cocaine networks

Consistent connections* Opposing connections

cocaine+
opioid-

cocaine-
opioid+

cocaine+
opioid+

cocaine-
opioid-

*8 shared connections out of ~500
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‘Canonical’ networks

Networks	
1  Medial	frontal	
2  Frontoparietal	
3  Default	mode	
4  Sensori-motor	
5  Visual	a	
6  Visual	b	
7  Visual	asso	
8  Salience	
9  SubcorAcal	
10 Cerebellum/

brain	stem	

Medial	

Lateral	

Horien et al., Neuroimage, 2019
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Cocaine network connectivity
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Yip et al., American Journal of Psychiatry, 2019



S L I D E  33

m
ed

ia
l f

ro
nt

al

fro
nt

op
ar

ie
ta

l

de
fa

ul
t m

od
e

m
ot

or
/s

en
so

ry

sa
lie

nc
e

su
bc

or
tic

al

m
ed

ia
l f

ro
nt

al

fro
nt

op
ar

ie
ta

l

de
fa

ul
t m

od
e

m
ot

or
/s

en
so

ry

sa
lie

nc
e

su
bc

or
tic

al

m
ed

ia
l f

ro
nt

al

fro
nt

op
ar

ie
ta

l

de
fa

ul
t m

od
e

m
ot

or
/s

en
so

ry

sa
lie

nc
e

su
bc

or
tic

al

medial frontal

frontoparietal

default mode

motor/sensory

salience

subcortical

Positive - Negative

Cocaine network connectivity

Positive network Negative network
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medial 
frontal

fronto-
parietal

sub
cortical

salience

sensory
motor

Cocaine network 
anatomy summary

Coordination of salience 
encoding and reward 

responding

Coordination of attention 
and executive control

Yip et al., American Journal of Psychiatry, 2019
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medial 
frontal
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parietal
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sensory
motor

between-network 
segregationbetween-network 

integration

Cocaine network 
anatomy summary

Coordination of salience 
encoding and reward 

responding

Coordination of attention 
and executive control

Yip et al., American Journal of Psychiatry, 2019
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Lichenstein et al., Molecular Psychiatry, 2021

Opioid network 
anatomy summary

motor/sensory

medial frontal

frontoparietalsalience

default mode

within- and between-network 
integration

between-network 

segregation
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Post-treatment connectivity predicts post-
treatment abstinence

Post-treatment fMRI (n=40)

no changes in connectivity over time

+ rho=0.34, p=0.03* 
rho=0.40, p<0.01# 

*cocaine, #opioid
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Pathology versus prediction

• Pathophysiology may not predict abstinence
 - what changes w/ abstinence ≠ predict tx 

• Initial vs sustained responses may have different 
basis

 - motivation to change > early tx response
 - acquisition of new skills > sustained tx response

• Protracted neural change?
- abstinence rates improve post-treatment 

- e.g., Carroll et al., Addiction, 2000
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Prediction versus pathology?
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different (e.g. abstinence-related changes in different
regions to those that show deficits in current users [24])
or are quantitatively different (e.g. activity patterns in
abstinent users that are greater than in either current users
or nonusers [25,27]) suggests more than a restoration of
function. We hypothesize that many of these changes
reflect the increased cognitive control demands required
to actively maintain abstinence (Figure 1). Although it
might be argued that the evidence of prefrontal changes
with abstinence may reflect a bias in task selection (i.e.
prefrontal changes are more likely to be detected as many
studies employ cognitive control or working memory
(WM) tests that engage prefrontal systems) this concern
is mitigated somewhat by complementary evidence from
whole-brain structural analyses. Consistent with the hy-
pothesis that cognitive control is an important contributor
to successful abstinence, research on the neural predictors
of abstinence also tends to implicate prefrontal systems,
the topic to which we turn next.

Baseline predictors of relapse
Supporting evidence for the hypothesis that prefrontal
control systems are central to successful abstinence comes
from studies that have investigated prequit neurobiological

predictors of treatment outcome. These studies build on
a cognitive literature demonstrating, for example, that
attentional biases to drugs and drug-related cues are
particularly good indicators of treatment outcome and
have been shown to predict relapse better than other
standard dependence measures such as self-reports of
dependence or drug use histories [30,31]. Similarly,
scores on self-report measures of impulsivity have been
shown to predict poorer treatment outcome [32,33]. As
neuroimaging measures can sometimes prove to be bet-
ter predictors of future abstinence than subjective
measures such as self-reported craving [34,35], there
have been a number of longitudinal studies assessing
if baseline imaging (either before or early in cessation)
can predict outcome. One important caveat is that this
literature tends to test retrospectively for neuroimaging
predictors. Here, the analyses tend to be predicated on
the known outcome (abstainer versus relapser), which,
due to overfitting with multi-voxel multivariate analyses
(i.e. lots of predictor variables relative to the numbers of
participants), can inflate the predictive power of the
observed results. This is an important qualification as
the true predictive value of these observed ‘postdicted’
effects are rarely quantified in independent samples.

670 Addiction

Figure 1

Abstinence Maintenance
for monitoring relapse
risk and regulating drug
urges

 

Relapse Risk reflecting
prolonged vulnerability

Restoration of structure
and function to
premorbid levels

Addiction Recovery 

Current Opinion in Neurobiology

The figure depicts three processes that are hypothesized to characterize the neurobiology of abstinence. The first two are involved in the recovery
process. Restoration refers to the return of brain function and structure over time (red columns) to premorbid levels comparable to non-addicted
comparison participants (blue column) and which arises from the discontinuity of drug use. Abstinence maintenance refers to those processes
hypothesized to actively resist relapse by monitoring the external and internal cues to relapse and by regulating drug urges. The functions and
structures associated with this process are hypothesized to contribute in a causal manner to maintaining abstinence and may, with prolonged
abstinence, increase beyond the levels observed in healthy controls. Finally, relapse risk reflects the long-lasting vulnerability to relapse that
characterizes drug dependence. The dynamic between the integrity of the maintenance and relapse risk processes and how the relationship between
the two is affected by relapse precipitants such as exposure to drugs, drug cues, and stress may determine the likelihood of successful abstinence.

Current Opinion in Neurobiology 2013, 23:668–674 www.sciencedirect.com

Theoretical model

Garavan et al., Current Opinion in Neurobiology, 2013

Return to 
premorbid levels

   
Elevation of 

function relative to 
controls

   Continued 
vulnerability
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Theoretical model

Continued vulnerability
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adapted from Garavan et al., Current Opinion in Neurobiology, 2013
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n=38 controls participants

No substance-use disorders

Drawn from ongoing Yale 
Psychiatry research protocols 

38 years old (SD=9.06)
58% male

n=53 patients

Cocaine + opioid use disorders

Recruited from RCT for CUD + 
methadone treatment for OUD

35 years old (SD=9.37)
74% male

Healthy controls

identical acquisition, tasks & connectivity pipeline
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Cocaine network
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Lichenstein et al.,  Molecular Psychiatry, 2021
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What about addiction risk?
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Yip et al., JAMA Psychiatry, 2023
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0.26 0.76 0.47 0.45 0.59 0.90 0.45 0.47 0.59 0.90 0.45

0.45 0.99 0.93 0.45 0.05 0.23 0.03 0.45 0.99 0.93 0.05 0.23 0.03

0.78 0.03 0.97 0.59 0.05 0.74 0.46 0.78 0.03 0.97 0.59 0.05 0.74

0.37 0.99 0.22 0.90 0.23 0.74 0.23 0.37 0.90 0.23 0.74 0.23

0.60 0.18 0.51 0.45 0.03 0.46 0.23 0.60 0.18 0.51 0.45 0.03 0.23

0.63 0.90 0.73 0.60 0.62 0.44 0.41

0.45 0.32 0.00 0.39 0.24 0.42 0.76

0.72 0.35 0.66 0.08 0.73 0.28 0.02

0.80 0.75 0.99 0.82 0.79 0.96 0.73

0.52 0.01 0.92 0.84 0.42 0.06 0.82

0.31 0.98 0.47 0.81 0.19 0.30 0.63

0.59 0.51 0.86 0.92 0.37 0.74 0.43

0.58 0.44 0.89 0.29 0.07 0.00 0.54

0 1 1 1 1 1 1

0 0 0 0 0 0 0

0 1 1 1 0 1 0

1 0 1 0 1 1 1

1 1 1 0 1 0 1

1 0 0 1 1 0 0

0 0 1 1 1 0 0

1 1 1 0 0 1 1

0 1 0 1 0 0 0

0 1 1 0 1 1 0

1 0 0 0 1 1 1

MID SST

time

B     CONNECTOME-BASED PREDICTIVE MODELLING (CPM)

0 .9 0 0 .8 9 0 .6 4 0 .8 5 0 .2 2 0 .9 2 0 .4 8

0 .9 0 0 .4 3 0 .6 8 0 .4 9 0 .0 2 0 .9 7 0 .6 9

0 .8 9 0 .4 3 0 .5 3 0 .0 2 0 .6 2 0 .6 9 0 .8 1

0 .6 4 0 .6 8 0 .5 3 0 .1 9 0 .2 4 0 .7 5 0 .0 6

0 .8 5 0 .4 9 0 .0 2 0 .1 9 0 .0 5 0 .8 6 0 .5 7

0 .2 2 0 .0 2 0 .6 2 0 .2 4 0 .0 5 0 .0 9 0 .0 9

0 .9 2 0 .9 7 0 .6 9 0 .7 5 0 .8 6 0 .0 9 0 .5 4

0 .4 8 0 .6 9 0 .8 1 0 .0 6 0 .5 7 0 .0 9 0 .5 4

0 .1 1 0 .7 4 0 .2 6 0 .4 5 0 .7 8 0 .3 7 0 .6 0

0 .1 1 0 .4 9 0 .7 6 0 .9 9 0 .0 3 0 .9 9 0 .1 8

0 .7 4 0 .4 9 0 .4 7 0 .9 3 0 .9 7 0 .2 2 0 .5 1

0 .2 6 0 .7 6 0 .4 7 0 .4 5 0 .5 9 0 .9 0 0 .4 5

0 .4 5 0 .9 9 0 .9 3 0 .4 5 0 .0 5 0 .2 3 0 .0 3

0 .7 8 0 .0 3 0 .9 7 0 .5 9 0 .0 5 0 .7 4 0 .4 6

0 .3 7 0 .9 9 0 .2 2 0 .9 0 0 .2 3 0 .7 4 0 .2 3

0 .6 0 0 .1 8 0 .5 1 0 .4 5 0 .0 3 0 .4 6 0 .2 3

Connectomes

Su
bj

ec
t 1

Su
bj

ec
t 2

Target

y1

y2

1. Select predictive features:
2. Sum edge weights:

3. Fit predictive model:

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0 2 4 6 8

Positive ∑1

Positive ∑2

Negative ∑1

Negative ∑2

Ta
rg

et
 (y

)

Summed edge weights

4. Apply model to novel data:

0 .9 0 0 .8 9 0 .6 4 0 .8 5 0 .2 2 0 .9 2 0 .4 8

0 .9 0 0 .4 3 0 .6 8 0 .4 9 0 .0 2 0 .9 7 0 .6 9

0 .8 9 0 .4 3 0 .5 3 0 .0 2 0 .6 2 0 .6 9 0 .8 1

0 .6 4 0 .6 8 0 .5 3 0 .1 9 0 .2 4 0 .7 5 0 .0 6

0 .8 5 0 .4 9 0 .0 2 0 .1 9 0 .0 5 0 .8 6 0 .5 7

0 .2 2 0 .0 2 0 .6 2 0 .2 4 0 .0 5 0 .0 9 0 .0 9

0 .9 2 0 .9 7 0 .6 9 0 .7 5 0 .8 6 0 .0 9 0 .5 4

0 .4 8 0 .6 9 0 .8 1 0 .0 6 0 .5 7 0 .0 9 0 .5 4

0 .1 1 0 .7 4 0 .2 6 0 .4 5 0 .7 8 0 .3 7 0 .6 0

0 .1 1 0 .4 9 0 .7 6 0 .9 9 0 .0 3 0 .9 9 0 .1 8

0 .7 4 0 .4 9 0 .4 7 0 .9 3 0 .9 7 0 .2 2 0 .5 1

0 .2 6 0 .7 6 0 .4 7 0 .4 5 0 .5 9 0 .9 0 0 .4 5

0 .4 5 0 .9 9 0 .9 3 0 .4 5 0 .0 5 0 .2 3 0 .0 3

0 .7 8 0 .0 3 0 .9 7 0 .5 9 0 .0 5 0 .7 4 0 .4 6

0 .3 7 0 .9 9 0 .2 2 0 .9 0 0 .2 3 0 .7 4 0 .2 3

0 .6 0 0 .1 8 0 .5 1 0 .4 5 0 .0 3 0 .4 6 0 .2 3

Su
bj

ec
t 3

Su
bj

ec
t 4

Alcohol use 
severity

Alcohol use 
severity

y=mx+b

y=mx+b
y=mx+b

Map model 
features back to 
neuroanatomy

Collect functional connectivity 
data for CPM model input 

(details in B)

Sex-specific neuromarkers of alcohol use

N=1550

N=1207

Reward and inhibitory brain states
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Age 14 MRI

Age 19 MRI

0.90 0.89 0.64 0.85 0.22 0.92 0.48 0.90 0.89 0.85 0.22 0.92 0.48

0.90 0.43 0.68 0.49 0.02 0.97 0.69 0.90 0.49 0.02 0.69

0.89 0.43 0.53 0.02 0.62 0.69 0.81 0.89 0.53 0.02 0.62 0.81

0.64 0.68 0.53 0.19 0.24 0.75 0.06 0.53 0.24 0.75 0.06

0.85 0.49 0.02 0.19 0.05 0.86 0.57 0.85 0.49 0.02 0.05 0.86 0.57

0.22 0.02 0.62 0.24 0.05 0.09 0.09 0.22 0.02 0.62 0.24 0.05 0.09

0.92 0.97 0.69 0.75 0.86 0.09 0.54 0.92 0.75 0.86 0.09 0.54

0.48 0.69 0.81 0.06 0.57 0.09 0.54 0.48 0.69 0.81 0.06 0.57 0.54

0.11 0.74 0.26 0.45 0.78 0.37 0.60 0.11 0.74 0.45 0.78 0.37 0.60

0.11 0.49 0.76 0.99 0.03 0.99 0.18 0.11 0.99 0.03 0.18

0.74 0.49 0.47 0.93 0.97 0.22 0.51 0.74 0.47 0.93 0.97 0.51

0.26 0.76 0.47 0.45 0.59 0.90 0.45 0.47 0.59 0.90 0.45

0.45 0.99 0.93 0.45 0.05 0.23 0.03 0.45 0.99 0.93 0.05 0.23 0.03

0.78 0.03 0.97 0.59 0.05 0.74 0.46 0.78 0.03 0.97 0.59 0.05 0.74

0.37 0.99 0.22 0.90 0.23 0.74 0.23 0.37 0.90 0.23 0.74 0.23

0.60 0.18 0.51 0.45 0.03 0.46 0.23 0.60 0.18 0.51 0.45 0.03 0.23

0.63 0.90 0.73 0.60 0.62 0.44 0.41

0.45 0.32 0.00 0.39 0.24 0.42 0.76

0.72 0.35 0.66 0.08 0.73 0.28 0.02

0.80 0.75 0.99 0.82 0.79 0.96 0.73

0.52 0.01 0.92 0.84 0.42 0.06 0.82

0.31 0.98 0.47 0.81 0.19 0.30 0.63

0.59 0.51 0.86 0.92 0.37 0.74 0.43

0.58 0.44 0.89 0.29 0.07 0.00 0.54

0 1 1 1 1 1 1

0 0 0 0 0 0 0

0 1 1 1 0 1 0

1 0 1 0 1 1 1

1 1 1 0 1 0 1

1 0 0 1 1 0 0

0 0 1 1 1 0 0

1 1 1 0 0 1 1

0 1 0 1 0 0 0

0 1 1 0 1 1 0

1 0 0 0 1 1 1

0.90 0.89 0.64 0.85 0.22 0.92 0.48 0.90 0.89 0.85 0.22 0.92 0.48

0.90 0.43 0.68 0.49 0.02 0.97 0.69 0.90 0.49 0.02 0.69

0.89 0.43 0.53 0.02 0.62 0.69 0.81 0.89 0.53 0.02 0.62 0.81

0.64 0.68 0.53 0.19 0.24 0.75 0.06 0.53 0.24 0.75 0.06

0.85 0.49 0.02 0.19 0.05 0.86 0.57 0.85 0.49 0.02 0.05 0.86 0.57

0.22 0.02 0.62 0.24 0.05 0.09 0.09 0.22 0.02 0.62 0.24 0.05 0.09

0.92 0.97 0.69 0.75 0.86 0.09 0.54 0.92 0.75 0.86 0.09 0.54

0.48 0.69 0.81 0.06 0.57 0.09 0.54 0.48 0.69 0.81 0.06 0.57 0.54

0.11 0.74 0.26 0.45 0.78 0.37 0.60 0.11 0.74 0.45 0.78 0.37 0.60

0.11 0.49 0.76 0.99 0.03 0.99 0.18 0.11 0.99 0.03 0.18

0.74 0.49 0.47 0.93 0.97 0.22 0.51 0.74 0.47 0.93 0.97 0.51

0.26 0.76 0.47 0.45 0.59 0.90 0.45 0.47 0.59 0.90 0.45

0.45 0.99 0.93 0.45 0.05 0.23 0.03 0.45 0.99 0.93 0.05 0.23 0.03

0.78 0.03 0.97 0.59 0.05 0.74 0.46 0.78 0.03 0.97 0.59 0.05 0.74

0.37 0.99 0.22 0.90 0.23 0.74 0.23 0.37 0.90 0.23 0.74 0.23

0.60 0.18 0.51 0.45 0.03 0.46 0.23 0.60 0.18 0.51 0.45 0.03 0.23

0.63 0.90 0.73 0.60 0.62 0.44 0.41

0.45 0.32 0.00 0.39 0.24 0.42 0.76

0.72 0.35 0.66 0.08 0.73 0.28 0.02

0.80 0.75 0.99 0.82 0.79 0.96 0.73

0.52 0.01 0.92 0.84 0.42 0.06 0.82

0.31 0.98 0.47 0.81 0.19 0.30 0.63

0.59 0.51 0.86 0.92 0.37 0.74 0.43

0.58 0.44 0.89 0.29 0.07 0.00 0.54

0 1 1 1 1 1 1

0 0 0 0 0 0 0

0 1 1 1 0 1 0

1 0 1 0 1 1 1

1 1 1 0 1 0 1

1 0 0 1 1 0 0

0 0 1 1 1 0 0

1 1 1 0 0 1 1

0 1 0 1 0 0 0

0 1 1 0 1 1 0

1 0 0 0 1 1 1

MID SST

AUDIT
(age 19)

CPMs predicting 

“future severity”

CPMs p
redicti

ng 

“cu
rre

nt se
verity

”

A     STUDY DESIGN

fMRI Tasks:
Reward

Inhibitory Control

time

0.90 0.89 0.64 0.85 0.22 0.92 0.48 0.90 0.89 0.85 0.22 0.92 0.48

0.90 0.43 0.68 0.49 0.02 0.97 0.69 0.90 0.49 0.02 0.69

0.89 0.43 0.53 0.02 0.62 0.69 0.81 0.89 0.53 0.02 0.62 0.81

0.64 0.68 0.53 0.19 0.24 0.75 0.06 0.53 0.24 0.75 0.06

0.85 0.49 0.02 0.19 0.05 0.86 0.57 0.85 0.49 0.02 0.05 0.86 0.57

0.22 0.02 0.62 0.24 0.05 0.09 0.09 0.22 0.02 0.62 0.24 0.05 0.09

0.92 0.97 0.69 0.75 0.86 0.09 0.54 0.92 0.75 0.86 0.09 0.54

0.48 0.69 0.81 0.06 0.57 0.09 0.54 0.48 0.69 0.81 0.06 0.57 0.54

0.11 0.74 0.26 0.45 0.78 0.37 0.60 0.11 0.74 0.45 0.78 0.37 0.60

0.11 0.49 0.76 0.99 0.03 0.99 0.18 0.11 0.99 0.03 0.18

0.74 0.49 0.47 0.93 0.97 0.22 0.51 0.74 0.47 0.93 0.97 0.51

0.26 0.76 0.47 0.45 0.59 0.90 0.45 0.47 0.59 0.90 0.45

0.45 0.99 0.93 0.45 0.05 0.23 0.03 0.45 0.99 0.93 0.05 0.23 0.03

0.78 0.03 0.97 0.59 0.05 0.74 0.46 0.78 0.03 0.97 0.59 0.05 0.74

0.37 0.99 0.22 0.90 0.23 0.74 0.23 0.37 0.90 0.23 0.74 0.23

0.60 0.18 0.51 0.45 0.03 0.46 0.23 0.60 0.18 0.51 0.45 0.03 0.23

0.63 0.90 0.73 0.60 0.62 0.44 0.41

0.45 0.32 0.00 0.39 0.24 0.42 0.76

0.72 0.35 0.66 0.08 0.73 0.28 0.02

0.80 0.75 0.99 0.82 0.79 0.96 0.73

0.52 0.01 0.92 0.84 0.42 0.06 0.82

0.31 0.98 0.47 0.81 0.19 0.30 0.63

0.59 0.51 0.86 0.92 0.37 0.74 0.43

0.58 0.44 0.89 0.29 0.07 0.00 0.54

0 1 1 1 1 1 1

0 0 0 0 0 0 0

0 1 1 1 0 1 0

1 0 1 0 1 1 1

1 1 1 0 1 0 1

1 0 0 1 1 0 0

0 0 1 1 1 0 0

1 1 1 0 0 1 1

0 1 0 1 0 0 0

0 1 1 0 1 1 0

1 0 0 0 1 1 1

0.90 0.89 0.64 0.85 0.22 0.92 0.48 0.90 0.89 0.85 0.22 0.92 0.48

0.90 0.43 0.68 0.49 0.02 0.97 0.69 0.90 0.49 0.02 0.69

0.89 0.43 0.53 0.02 0.62 0.69 0.81 0.89 0.53 0.02 0.62 0.81

0.64 0.68 0.53 0.19 0.24 0.75 0.06 0.53 0.24 0.75 0.06

0.85 0.49 0.02 0.19 0.05 0.86 0.57 0.85 0.49 0.02 0.05 0.86 0.57

0.22 0.02 0.62 0.24 0.05 0.09 0.09 0.22 0.02 0.62 0.24 0.05 0.09

0.92 0.97 0.69 0.75 0.86 0.09 0.54 0.92 0.75 0.86 0.09 0.54

0.48 0.69 0.81 0.06 0.57 0.09 0.54 0.48 0.69 0.81 0.06 0.57 0.54

0.11 0.74 0.26 0.45 0.78 0.37 0.60 0.11 0.74 0.45 0.78 0.37 0.60

0.11 0.49 0.76 0.99 0.03 0.99 0.18 0.11 0.99 0.03 0.18

0.74 0.49 0.47 0.93 0.97 0.22 0.51 0.74 0.47 0.93 0.97 0.51

0.26 0.76 0.47 0.45 0.59 0.90 0.45 0.47 0.59 0.90 0.45

0.45 0.99 0.93 0.45 0.05 0.23 0.03 0.45 0.99 0.93 0.05 0.23 0.03

0.78 0.03 0.97 0.59 0.05 0.74 0.46 0.78 0.03 0.97 0.59 0.05 0.74

0.37 0.99 0.22 0.90 0.23 0.74 0.23 0.37 0.90 0.23 0.74 0.23

0.60 0.18 0.51 0.45 0.03 0.46 0.23 0.60 0.18 0.51 0.45 0.03 0.23

0.63 0.90 0.73 0.60 0.62 0.44 0.41

0.45 0.32 0.00 0.39 0.24 0.42 0.76

0.72 0.35 0.66 0.08 0.73 0.28 0.02

0.80 0.75 0.99 0.82 0.79 0.96 0.73

0.52 0.01 0.92 0.84 0.42 0.06 0.82

0.31 0.98 0.47 0.81 0.19 0.30 0.63

0.59 0.51 0.86 0.92 0.37 0.74 0.43

0.58 0.44 0.89 0.29 0.07 0.00 0.54

0 1 1 1 1 1 1

0 0 0 0 0 0 0

0 1 1 1 0 1 0

1 0 1 0 1 1 1

1 1 1 0 1 0 1

1 0 0 1 1 0 0

0 0 1 1 1 0 0

1 1 1 0 0 1 1

0 1 0 1 0 0 0

0 1 1 0 1 1 0

1 0 0 0 1 1 1

MID SST

time

B     CONNECTOME-BASED PREDICTIVE MODELLING (CPM)

0 .9 0 0 .8 9 0 .6 4 0 .8 5 0 .2 2 0 .9 2 0 .4 8

0 .9 0 0 .4 3 0 .6 8 0 .4 9 0 .0 2 0 .9 7 0 .6 9

0 .8 9 0 .4 3 0 .5 3 0 .0 2 0 .6 2 0 .6 9 0 .8 1

0 .6 4 0 .6 8 0 .5 3 0 .1 9 0 .2 4 0 .7 5 0 .0 6

0 .8 5 0 .4 9 0 .0 2 0 .1 9 0 .0 5 0 .8 6 0 .5 7

0 .2 2 0 .0 2 0 .6 2 0 .2 4 0 .0 5 0 .0 9 0 .0 9

0 .9 2 0 .9 7 0 .6 9 0 .7 5 0 .8 6 0 .0 9 0 .5 4

0 .4 8 0 .6 9 0 .8 1 0 .0 6 0 .5 7 0 .0 9 0 .5 4

0 .1 1 0 .7 4 0 .2 6 0 .4 5 0 .7 8 0 .3 7 0 .6 0

0 .1 1 0 .4 9 0 .7 6 0 .9 9 0 .0 3 0 .9 9 0 .1 8

0 .7 4 0 .4 9 0 .4 7 0 .9 3 0 .9 7 0 .2 2 0 .5 1

0 .2 6 0 .7 6 0 .4 7 0 .4 5 0 .5 9 0 .9 0 0 .4 5

0 .4 5 0 .9 9 0 .9 3 0 .4 5 0 .0 5 0 .2 3 0 .0 3

0 .7 8 0 .0 3 0 .9 7 0 .5 9 0 .0 5 0 .7 4 0 .4 6

0 .3 7 0 .9 9 0 .2 2 0 .9 0 0 .2 3 0 .7 4 0 .2 3

0 .6 0 0 .1 8 0 .5 1 0 .4 5 0 .0 3 0 .4 6 0 .2 3

Connectomes

Su
bj

ec
t 1

Su
bj

ec
t 2

Target

y1

y2

1. Select predictive features:
2. Sum edge weights:

3. Fit predictive model:

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0 2 4 6 8

Positive ∑1

Positive ∑2

Negative ∑1

Negative ∑2

Ta
rg

et
 (y

)

Summed edge weights

4. Apply model to novel data:

0 .9 0 0 .8 9 0 .6 4 0 .8 5 0 .2 2 0 .9 2 0 .4 8

0 .9 0 0 .4 3 0 .6 8 0 .4 9 0 .0 2 0 .9 7 0 .6 9

0 .8 9 0 .4 3 0 .5 3 0 .0 2 0 .6 2 0 .6 9 0 .8 1

0 .6 4 0 .6 8 0 .5 3 0 .1 9 0 .2 4 0 .7 5 0 .0 6

0 .8 5 0 .4 9 0 .0 2 0 .1 9 0 .0 5 0 .8 6 0 .5 7

0 .2 2 0 .0 2 0 .6 2 0 .2 4 0 .0 5 0 .0 9 0 .0 9

0 .9 2 0 .9 7 0 .6 9 0 .7 5 0 .8 6 0 .0 9 0 .5 4

0 .4 8 0 .6 9 0 .8 1 0 .0 6 0 .5 7 0 .0 9 0 .5 4

0 .1 1 0 .7 4 0 .2 6 0 .4 5 0 .7 8 0 .3 7 0 .6 0

0 .1 1 0 .4 9 0 .7 6 0 .9 9 0 .0 3 0 .9 9 0 .1 8

0 .7 4 0 .4 9 0 .4 7 0 .9 3 0 .9 7 0 .2 2 0 .5 1

0 .2 6 0 .7 6 0 .4 7 0 .4 5 0 .5 9 0 .9 0 0 .4 5

0 .4 5 0 .9 9 0 .9 3 0 .4 5 0 .0 5 0 .2 3 0 .0 3

0 .7 8 0 .0 3 0 .9 7 0 .5 9 0 .0 5 0 .7 4 0 .4 6

0 .3 7 0 .9 9 0 .2 2 0 .9 0 0 .2 3 0 .7 4 0 .2 3

0 .6 0 0 .1 8 0 .5 1 0 .4 5 0 .0 3 0 .4 6 0 .2 3

Su
bj

ec
t 3

Su
bj

ec
t 4

Alcohol use 
severity

Alcohol use 
severity

y=mx+b

y=mx+b
y=mx+b

Map model 
features back to 
neuroanatomy

Collect functional connectivity 
data for CPM model input 

(details in B)

Study design + analysis workflow

No use
Low-risk use
Hazardous-risk use
Alcohol-use disorder

Yip et al., JAMA Psychiatry, 2023

Age 14

Age 19

N=1550

N=1207
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Yip et al., JAMA Psychiatry, 2023

Age 14 MRI

Age 19 MRI

0.90 0.89 0.64 0.85 0.22 0.92 0.48 0.90 0.89 0.85 0.22 0.92 0.48

0.90 0.43 0.68 0.49 0.02 0.97 0.69 0.90 0.49 0.02 0.69

0.89 0.43 0.53 0.02 0.62 0.69 0.81 0.89 0.53 0.02 0.62 0.81

0.64 0.68 0.53 0.19 0.24 0.75 0.06 0.53 0.24 0.75 0.06

0.85 0.49 0.02 0.19 0.05 0.86 0.57 0.85 0.49 0.02 0.05 0.86 0.57

0.22 0.02 0.62 0.24 0.05 0.09 0.09 0.22 0.02 0.62 0.24 0.05 0.09

0.92 0.97 0.69 0.75 0.86 0.09 0.54 0.92 0.75 0.86 0.09 0.54

0.48 0.69 0.81 0.06 0.57 0.09 0.54 0.48 0.69 0.81 0.06 0.57 0.54

0.11 0.74 0.26 0.45 0.78 0.37 0.60 0.11 0.74 0.45 0.78 0.37 0.60

0.11 0.49 0.76 0.99 0.03 0.99 0.18 0.11 0.99 0.03 0.18

0.74 0.49 0.47 0.93 0.97 0.22 0.51 0.74 0.47 0.93 0.97 0.51

0.26 0.76 0.47 0.45 0.59 0.90 0.45 0.47 0.59 0.90 0.45

0.45 0.99 0.93 0.45 0.05 0.23 0.03 0.45 0.99 0.93 0.05 0.23 0.03

0.78 0.03 0.97 0.59 0.05 0.74 0.46 0.78 0.03 0.97 0.59 0.05 0.74

0.37 0.99 0.22 0.90 0.23 0.74 0.23 0.37 0.90 0.23 0.74 0.23

0.60 0.18 0.51 0.45 0.03 0.46 0.23 0.60 0.18 0.51 0.45 0.03 0.23

0.63 0.90 0.73 0.60 0.62 0.44 0.41

0.45 0.32 0.00 0.39 0.24 0.42 0.76

0.72 0.35 0.66 0.08 0.73 0.28 0.02

0.80 0.75 0.99 0.82 0.79 0.96 0.73

0.52 0.01 0.92 0.84 0.42 0.06 0.82

0.31 0.98 0.47 0.81 0.19 0.30 0.63

0.59 0.51 0.86 0.92 0.37 0.74 0.43

0.58 0.44 0.89 0.29 0.07 0.00 0.54

0 1 1 1 1 1 1

0 0 0 0 0 0 0

0 1 1 1 0 1 0

1 0 1 0 1 1 1

1 1 1 0 1 0 1

1 0 0 1 1 0 0

0 0 1 1 1 0 0

1 1 1 0 0 1 1

0 1 0 1 0 0 0

0 1 1 0 1 1 0

1 0 0 0 1 1 1

0.90 0.89 0.64 0.85 0.22 0.92 0.48 0.90 0.89 0.85 0.22 0.92 0.48

0.90 0.43 0.68 0.49 0.02 0.97 0.69 0.90 0.49 0.02 0.69

0.89 0.43 0.53 0.02 0.62 0.69 0.81 0.89 0.53 0.02 0.62 0.81

0.64 0.68 0.53 0.19 0.24 0.75 0.06 0.53 0.24 0.75 0.06

0.85 0.49 0.02 0.19 0.05 0.86 0.57 0.85 0.49 0.02 0.05 0.86 0.57
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Sex-specific neuromarkers of alcohol use

Leave-one-site-out prediction

N=1550

N=1207

Reward and inhibitory brain states
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Yip et al., JAMA Psychiatry, 2023
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Leave-one-site-out prediction of alcohol-use
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Yip et al., JAMA Psychiatry, 2023
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o Multi-task prediction (reward + inhibition):
o Comparable performance in females (ages 14 & 19)
o Decreased performance in males (age 19)

- Not all brain states created equal

o Models robust and unchanged after controlling for:
o Baseline alcohol-use (age 14)
o Residual motion
o Trait impulsivity
o Trait neuroticism
o Other substance use

Sensitivity analyses

specific to alcohol

Yip et al., JAMA Psychiatry, 2023
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Adolescents recruited in 
Connecticut, USA

Brain and Alcohol Research in 
College Students (BARCS)

Go/No-Go task

18.42 years old (SD=0.76)
54% male

Different country, scanner, alcohol-use measure
Same underlying neurobiology!!!

Independent sample replication (N=114)

Largest # drinks/24 hours
Al

co
ho

l n
eu

ro
m

ar
ke

r (
se

x 
ag

no
st

ic
) r=.20, p=.03

Yip et al., JAMA Psychiatry, 2023
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Cannabis-use in college students (n=191)

Dr. Sarah Lichenstein

CPM identified a neural network of problem cannabis 
use in non-clinical sample (rho=.21, p=.009).

Lichenstein et al., Under Revision, Biological Psychiatry
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Replicated in geographically distinct adolescent 
sample (n=838, t=2.802 p=0.005).
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Network application in clinical sample (n=33)

Dr. Sarah Lichenstein

Problem cannabis network 
identified in college sample

Applied to independent sample of 
patients entering cannabis treatment 

Assess relationship with clinical 
characteristics
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Patients with higher problem cannabis network strength:
- greater baseline addiction severity (rho=.38, p=.03) 
- less abstinence during treatment (rho=-.38, p=.03)

Lichenstein et al., Under Revision, Biological Psychiatry
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Conclusions, recommendations & next steps
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Clinically relevant
• predict real-world outcomes

Externally valid
• generalize to novel settings and individuals

Robust
• predict after controlling for severity, related phenotypes

Biologically meaningful
• specific connections subserving specific behaviors

Abstinence & risk networks are...
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Maximizing anatomical insights in 
connectome-wide association studies

Connection / 
edge level

Region /
 node level

accuracy was increased to 71% after inclusion of baseline
cocaine use (days of use in the month preceding treatment)
in the model (x2=6.20, df=2, p=0.02; 89% sensitivity; 41%
specificity). As shown in Figure S4 in the online supplement,
binarization across different levels of use ($25% drug-free
urine samples, $75% drug-free urine samples) decreased
sensitivity (57% and 25%, respectively) but increased spec-
ificity (71% and 89%, respectively).

DISCUSSION

The translation of brain imaging findings into real-world
clinical settings is one of the primary challenges of modern
neuropsychiatry (7–9, 11–13). In this study, we demonstrated
the ability of a recently developed connectome-basedmachine
learning approach to predict treatment outcomes (abstinence
from cocaine during 12-week treatment) using baseline pat-
terns of connectivity. We further demonstrated that post-
treatment patterns of connectivity within these networks
predicted abstinence during 6-month follow-up. Finally, we
demonstrated that the same networks can be used to predict
treatment response in an independent, heterogeneous sample.
Despite this predictive ability, identified networks could be
considered potential treatment targets (3, 5, 16), and further

replication and model refinement are needed before the
findings can be directly applied to clinical decision making.

Consistent with the connectome-based approach, absti-
nence networks were complex and included connec-
tions betweenmultiple well-established neural networks (17,
18). The positive network included more frontoparietal–
medial frontal–default mode connections as well as more
salience–subcortical–motor/sensory connections. In con-
trast, the negative network (the network for which increased
connectivity is negatively associated with abstinence) in-
cluded more connections between the medial frontal net-
work and salience, subcortical, and motor/sensory networks
aswell asmore salience–default mode connections. Based on
thesefindings, Figure 4 presents a theoretical networkmodel
of abstinence. We propose that abstinence is positively
predicted by 1) integration of a cognitive/executive control
system involving increased connectivity between fronto-
parietal and medial frontal networks; 2) integration of a re-
wardresponsiveness systeminvolving increasedconnectivity
between salience, motor/sensory, and subcortical networks;
and 3) segregation (decreased connectivity) between these
two systems. This model builds on previous models of
addiction emphasizing separation of frontoparietal and
salience networks (24, 25) but also incorporates medial

FIGURE 3. Positive and negative abstinence networks summarized by overlap with canonical neural networksa
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aWithin- and between-network connectivity for the positive network (panel A), for the negative network (panel B) and for the positive minus the
negative network (panel C) are summarized based on overlap with canonical neural networks. In panels A and B, cells represent the total number of
edges connecting nodes within (and between) each network, with darker colors indicating a greater number of edges. In panel C, cells represent the
number of positive versus negative edges connecting nodes within (and between) each network, with warmer colors (orange and yellow) indicating
more edges in the positive network and cooler colors (blue and green) indicatingmore edges in the negative network. Despite this visual simplification,
it is important to note that, by definition, positive and negative networks do not contain overlapping edges. (For further methodological details on
connectome-based network definitions, see Figure S3 in the online supplement.)
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accuracy was increased to 71% after inclusion of baseline
cocaine use (days of use in the month preceding treatment)
in the model (x2=6.20, df=2, p=0.02; 89% sensitivity; 41%
specificity). As shown in Figure S4 in the online supplement,
binarization across different levels of use ($25% drug-free
urine samples, $75% drug-free urine samples) decreased
sensitivity (57% and 25%, respectively) but increased spec-
ificity (71% and 89%, respectively).

DISCUSSION

The translation of brain imaging findings into real-world
clinical settings is one of the primary challenges of modern
neuropsychiatry (7–9, 11–13). In this study, we demonstrated
the ability of a recently developed connectome-basedmachine
learning approach to predict treatment outcomes (abstinence
from cocaine during 12-week treatment) using baseline pat-
terns of connectivity. We further demonstrated that post-
treatment patterns of connectivity within these networks
predicted abstinence during 6-month follow-up. Finally, we
demonstrated that the same networks can be used to predict
treatment response in an independent, heterogeneous sample.
Despite this predictive ability, identified networks could be
considered potential treatment targets (3, 5, 16), and further

replication and model refinement are needed before the
findings can be directly applied to clinical decision making.

Consistent with the connectome-based approach, absti-
nence networks were complex and included connec-
tions betweenmultiple well-established neural networks (17,
18). The positive network included more frontoparietal–
medial frontal–default mode connections as well as more
salience–subcortical–motor/sensory connections. In con-
trast, the negative network (the network for which increased
connectivity is negatively associated with abstinence) in-
cluded more connections between the medial frontal net-
work and salience, subcortical, and motor/sensory networks
aswell asmore salience–default mode connections. Based on
thesefindings, Figure 4 presents a theoretical networkmodel
of abstinence. We propose that abstinence is positively
predicted by 1) integration of a cognitive/executive control
system involving increased connectivity between fronto-
parietal and medial frontal networks; 2) integration of a re-
wardresponsiveness systeminvolving increasedconnectivity
between salience, motor/sensory, and subcortical networks;
and 3) segregation (decreased connectivity) between these
two systems. This model builds on previous models of
addiction emphasizing separation of frontoparietal and
salience networks (24, 25) but also incorporates medial

FIGURE 3. Positive and negative abstinence networks summarized by overlap with canonical neural networksa
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aWithin- and between-network connectivity for the positive network (panel A), for the negative network (panel B) and for the positive minus the
negative network (panel C) are summarized based on overlap with canonical neural networks. In panels A and B, cells represent the total number of
edges connecting nodes within (and between) each network, with darker colors indicating a greater number of edges. In panel C, cells represent the
number of positive versus negative edges connecting nodes within (and between) each network, with warmer colors (orange and yellow) indicating
more edges in the positive network and cooler colors (blue and green) indicatingmore edges in the negative network. Despite this visual simplification,
it is important to note that, by definition, positive and negative networks do not contain overlapping edges. (For further methodological details on
connectome-based network definitions, see Figure S3 in the online supplement.)
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accuracy was increased to 71% after inclusion of baseline
cocaine use (days of use in the month preceding treatment)
in the model (x2=6.20, df=2, p=0.02; 89% sensitivity; 41%
specificity). As shown in Figure S4 in the online supplement,
binarization across different levels of use ($25% drug-free
urine samples, $75% drug-free urine samples) decreased
sensitivity (57% and 25%, respectively) but increased spec-
ificity (71% and 89%, respectively).

DISCUSSION

The translation of brain imaging findings into real-world
clinical settings is one of the primary challenges of modern
neuropsychiatry (7–9, 11–13). In this study, we demonstrated
the ability of a recently developed connectome-basedmachine
learning approach to predict treatment outcomes (abstinence
from cocaine during 12-week treatment) using baseline pat-
terns of connectivity. We further demonstrated that post-
treatment patterns of connectivity within these networks
predicted abstinence during 6-month follow-up. Finally, we
demonstrated that the same networks can be used to predict
treatment response in an independent, heterogeneous sample.
Despite this predictive ability, identified networks could be
considered potential treatment targets (3, 5, 16), and further

replication and model refinement are needed before the
findings can be directly applied to clinical decision making.

Consistent with the connectome-based approach, absti-
nence networks were complex and included connec-
tions betweenmultiple well-established neural networks (17,
18). The positive network included more frontoparietal–
medial frontal–default mode connections as well as more
salience–subcortical–motor/sensory connections. In con-
trast, the negative network (the network for which increased
connectivity is negatively associated with abstinence) in-
cluded more connections between the medial frontal net-
work and salience, subcortical, and motor/sensory networks
aswell asmore salience–default mode connections. Based on
thesefindings, Figure 4 presents a theoretical networkmodel
of abstinence. We propose that abstinence is positively
predicted by 1) integration of a cognitive/executive control
system involving increased connectivity between fronto-
parietal and medial frontal networks; 2) integration of a re-
wardresponsiveness systeminvolving increasedconnectivity
between salience, motor/sensory, and subcortical networks;
and 3) segregation (decreased connectivity) between these
two systems. This model builds on previous models of
addiction emphasizing separation of frontoparietal and
salience networks (24, 25) but also incorporates medial

FIGURE 3. Positive and negative abstinence networks summarized by overlap with canonical neural networksa
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aWithin- and between-network connectivity for the positive network (panel A), for the negative network (panel B) and for the positive minus the
negative network (panel C) are summarized based on overlap with canonical neural networks. In panels A and B, cells represent the total number of
edges connecting nodes within (and between) each network, with darker colors indicating a greater number of edges. In panel C, cells represent the
number of positive versus negative edges connecting nodes within (and between) each network, with warmer colors (orange and yellow) indicating
more edges in the positive network and cooler colors (blue and green) indicatingmore edges in the negative network. Despite this visual simplification,
it is important to note that, by definition, positive and negative networks do not contain overlapping edges. (For further methodological details on
connectome-based network definitions, see Figure S3 in the online supplement.)
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Densely sampled neuroimaging for maximizing clinical insight
in psychiatric and addiction disorders
Sarah W. Yip1✉ and Anna B. Konova 2✉
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To overcome limitations with neuroimaging work in small
clinical samples, large-scale data collection and data pooling
initiatives have been established and are ongoing. These “big
data” initiatives aim to maximize sample size and are anticipated
to transform our neurobiological understanding of psychiatric
disorders. A complementary—yet much less appreciated in the
context of clinical neuroimaging—form of big data is the
acquisition of large amounts of data over time for a small(er)
number of individuals, or dense sampling. We argue such dense
sampling of neuroimaging data is needed in psychiatry to
provide essential information about the neurobiological founda-
tions of what are highly dynamic disorders of brain function. As
with densely sampled psychological data [1, 2], tying densely
sampled neuroimaging data collection to clinically meaningful
transitions, such as standard phases of clinical care of an
individual, can, we suggest, help maximize mechanistic insight
and lead to improved translation of findings to treatment
development, as highlighted here within the specific context of
addiction.
While informative and efficient, the necessary focus of case-

control studies on static, group-average deviations from a
presumed “normative” population may preclude their real-world
clinical utility. For example, recent machine learning studies of
addictions indicate that brain networks which distinguish patients
from controls are often distinct from those that predict specific
clinical outcomes within-group [3, 4]. This striking distinction
suggests person-specific neurobiology is dissociable from group-
specific patterns; as such, group-specific findings may not
translate to improved understanding of person-specific patho-
physiology or to treatment.
Unlike case-control designs, treatment-oriented neuroimaging

studies seek to characterize neurobiology among patients
entering treatment with the aim of identifying individual brain-
based markers of clinical outcomes [3, 4]. However, this approach
may still be limited. As illustrated in Fig. 1, recovery from addiction
can take months to years and clinical trajectories vary widely
across individuals. In addition, gold-standard treatments, such as
medications for opioid use disorder or types of behavioral
therapies, are multiphasic, requiring continuous adjustment based
on an individual’s current needs. Complete understanding of
addiction neurobiology, and translation of this understanding to
clinical care, will thus likely require repeated neuroimaging such
as that afforded by dense sampling.

Although representing a paradigm shift for clinical neuroima-
ging, dense sampling of neuroimaging data is already a core part
of basic research in human neuroscience [5]. These studies span
those that measure the dynamic substrates of complex cognitive
function and brain network organization—both of relevance to
psychiatry—and that sample at a frequency as short as a day and
for a duration as long as a full year. Such dense sampling work has
demonstrated, for example, functional brain changes <48 h of a
clinical intervention (wearing a cast) that quickly reverse following
treatment cessation (cast removal) [6]. It is likely that similar,
clinically-meaningful, neural changes occur with psychiatric inter-
ventions, and as an individual progresses towards or away from

Fig. 1 Prognosis-based classification of individuals based on the
strength of their “abstinence network” over 6 months of
treatment initiation. Evolution of the strength of an individual’s
abstinence network (set of functional brain connections predictive
of lowered risk for future substance use [3, 4]) as captured by
densely sampled neuroimaging data acquisition (~bi-weekly over
6 months). The example cases represent realistic trajectories: (1)
healthy/control, shown to remain at moderate network strength
over time; (2) sustained use, also shown to remain stable over time
but at a low-abstinence network strength; (3) cycling use, shown to
move away from an initial low-abstinence starting point and then
start to return to it. Here we also highlight at what time points
tailored treatment, such as additional psychosocial support or
medication adjustment, might be most efficacious (i.e., when
individuals might be most susceptible to intervention strategies)
designated by the solid arrows; and (4) remitting use, also shown to
change over time but in a single direction approaching health/high-
abstinence network strength.
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Toward Addiction Prediction: An Overview of
Cross-Validated Predictive Modeling Findings
and Considerations for Future Neuroimaging
Research
Sarah W. Yip, Brian Kiluk, and Dustin Scheinost

ABSTRACT
Substance use is a leading cause of disability and death worldwide. Despite the existence of evidence-based
treatments, clinical outcomes are highly variable across individuals, and relapse rates following treatment remain
high. Within this context, methods to identify individuals at particular risk for unsuccessful treatment (i.e., limited
within-treatment abstinence), or for relapse following treatment, are needed to improve outcomes. Cumulatively, the
literature generally supports the hypothesis that individual differences in brain function and structure are linked to
differences in treatment outcomes, although anatomical loci and directions of associations have differed across
studies. However, this work has almost entirely used methods that may overfit the data, leading to inflated effect size
estimates and reduced likelihood of reproducibility in novel clinical samples. In contrast, cross-validated predictive
modeling (i.e., machine learning) approaches are designed to overcome limitations of traditional approaches by
focusing on individual differences and generalization to novel subjects (i.e., cross-validation), thereby increasing the
likelihood of replication and potential translation to novel clinical settings. Here, we review recent studies using these
approaches to generate brain-behavior models of treatment outcomes in addictions and provide recommendations
for further work using these methods.

Keywords: Abstinence, Biomarker, Classification, Connectivity, Regression, Substance use disorders
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Substance use is a leading cause of disability and death (1).
Within the United States, annual opioid-associated fatalities
have recently exceeded those caused by firearms and motor
vehicles and those caused by human immunodeficiency virus
at the height of the acquired immunodeficiency syndrome
epidemic (2). Although less publicized, there has been a con-
current rise in cocaine- and stimulant-associated fatalities (3).
Thus, improved strategies to combat the current substance
use epidemic are urgently needed (3,4). While evidence-based
treatments exist (5,6), outcomes are variable across in-
dividuals, and the majority of individuals experience multiple,
unsuccessful treatment attempts. Relapse rates following
treatment also remain high, and for some substances, this is a
critical vulnerability period for overdose-associated death (7).
Thus, methods to identify individuals at particular risk for un-
successful treatment are needed to improve outcomes.

Despite a large degree of between-patient heterogeneity,
individual differences in “traditional” variables (e.g., severity)
are typically not sufficient to account for differences in addic-
tion outcomes (8,9). Thus, more recent translational work has
sought to identify neurobiological features that may be used to
predict treatment responses (10). Cumulatively, this literature
generally supports the hypothesis that individual differences in
brain function and structure are linked to differences in clinical

outcomes, although anatomical loci and directions of associ-
ations have differed somewhat across studies (8,11,12).
However, this work has not typically used recommended
strategies to minimize the risk of overfitting (e.g., cross-
validation), leading to inflated effect size estimates and
reduced likelihood of reproducibility in novel clinical samples
(13–16). Here, we discuss how alternative, machine learning–
based approaches may generate more robust predictions,
review prior findings using these approaches in addictions, and
discuss addiction-specific considerations for adoption of these
methods. As an exhaustive methodological tutorial is not
possible here, popular approaches and key terms are defined
in Table 1. For a practical guide on generating brain-behavior
models, see Scheinost et al. (17) [see also Jollans et al. (18)
for sample size considerations].

PREDICTION VERSUS EXPLANATION

Machine learning—or cross-validated, predictive modeling—
approaches are ideally suited for dealing with heterogeneous
data and are designed to protect against overfitting via gen-
eration of a model in a training dataset and application of the
model to a novel, unseen dataset (17,19). By focusing on both
out-of-sample generalizability and individual difference factors,
machine learning approaches therefore offer a promising,
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A B S T R A C T

Establishing brain-behavior associations that map brain organization to phenotypic measures and generalize to
novel individuals remains a challenge in neuroimaging. Predictive modeling approaches that define and validate
models with independent datasets offer a solution to this problem. While these methods can detect novel and
generalizable brain-behavior associations, they can be daunting, which has limited their use by the wider con-
nectivity community. Here, we offer practical advice and examples based on functional magnetic resonance
imaging (fMRI) functional connectivity data for implementing these approaches. We hope these ten rules will
increase the use of predictive models with neuroimaging data.

1. Introduction

A primary goal of neuroimaging research is to associate brain orga-
nization with individual phenotypes. Although thousands of research
papers have modeled brain-behavior associations, these models tend to
be explanatory. Unfortunately, because the goal of an explanatory anal-
ysis is to identify neuroimaging measures related to phenotypic mea-
sures, such analyses often do not generalize to novel individuals and have
inadequate clinical utility (Rosenberg et al., 2018). To address this lim-
itation, researchers are beginning to build predictive models that predict
individual differences in phenotypes from neuroimaging data. Because
models are defined and validated with independent data, they promise to
improve our ability to uncover generalizable brain-behavior associations.
Yet, like any method, predictive modeling has its own set of limitations
and considerations that may be unfamiliar to the wider neuroimaging
community.

We present “ten simple rules” for applying predictive modeling to

brain connectivity data. These rules explain common issues aimed at both
novice and experienced users of predictive models with the hope of
encouraging more researchers to use these approaches. These rules are
general and apply to most neuroimaging studies employing predictive
modeling, independent of the exact algorithm used. Similarly, while the
examples we provide are based on functional magnetic resonance im-
aging (fMRI) connectivity data, the same concepts apply to other types of
data, such as task activation or structural connectivity data. The paper is
organized as follows. First, we present a brief overview of a typical
predictive modeling study. Table 1 lists definitions for key terms used
throughout this manuscript. Next, we present ten rules for using pre-
dictive models, listed in Table 2 with key references, divided into three
sections: Validating predictive models with independent data: why
and how?, Measuring model performance, and Accounting for con-
founds and interpreting results. Finally, we offer some limitations and
concluding remarks.
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