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Abstract

BACKGROUND—Successfully treating illicit drug use has become paramount, yet elusive.
Devising specialized treatment interventions could increase positive outcomes, but it is necessary
to identify risk factors of poor long-term outcomes to develop specialized, efficacious treatments.
We investigated whether functional network connectivity (FNC) measures were predictive of
substance abuse treatment completion using machine learning pattern classification of functional
magnetic resonance imaging data.

METHODS—Treatment-seeking stimulant- or heroin-dependent incarcerated participants (7=
139; 89 women) volunteered for a 12-week substance abuse treatment program. Participants
performed a response inhibition Go/NoGo functional magnetic resonance imaging task prior to
onset of the substance abuse treatment. We tested whether FNC related to the anterior cingulate
cortex would be predictive of those who would or would not complete a 12-week substance abuse
treatment program.

RESULTS—Machine learning pattern classification models using FNC between networks
incorporating the anterior cingulate cortex, striatum, and insula predicted which individuals would
(sensitivity: 81.31%) or would not (specificity: 78.13%) complete substance abuse treatment. FNC
analyses predicted treatment completion above and beyond other clinical assessment measures,
including age, sex, 1Q, years of substance use, psychopathy, anxiety and depressive
symptomatology, and motivation for change.
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CONCLUSIONS—Aberrant neural network connections predicted substance abuse treatment
outcomes, which could illuminate new targets for developing interventions designed to reduce or
eliminate substance use while facilitating long-term outcomes. This work represents the first
application of machine-learning models of FNC analyses of functional magnetic resonance
imaging data to predict which substance abusers would or would not complete treatment.
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Tens of millions of Americans use illicit drugs, costing $193 billion annually in health care
and lost productivity (1). Nearly 10% of Americans report lifetime drug dependence, 25% of
whom seek treatment (2). Many who seek treatment do not successfully eliminate drug use
behavior. Substance use disorders (SUDs) are highly prevalent in U.S. prisons, with 50% to
80% of incarcerated offenders meeting diagnostic criteria for a SUD (3) and only 40% to
49% participating in SUD treatment while incarcerated (4). Substance abuse treatment
completion is one of the factors most associated with favorable patient outcomes (5).
Although treatment discontinuation is not unique to substance abuse treatment, its
consequences tend to be more severe and include substance use relapse, poor health, and
legal and financial difficulties (6). This highlights the primary need to establish successful,
potentially specialized treatment interventions for individuals with SUDs. Accomplishing
this goal requires identifying risk factors for poor outcomes and potential treatment targets
and, subsequently, the development of efficacious interventions.

Several cognitive and affective functions have been identified to differentiate individuals
with and without SUDs. Broadly, individuals with SUDs, relative to those without, exhibit
dys-regulation in attention, memory, reward processing, and executive control (7-9).
Dopaminergic dysfunction is thought to be at the heart of many of these group differences
(9,10). Specifically, dopamine (DA) released from the ventral tegmental area into the
nucleus accumbens, prefrontal cortex, and amygdala has been linked to initiation and
maintenance of addictive behaviors (11). Drug use increases DA release in the
mesocorticolimbic (MCL)-DA system (12,13), which is thought to be an important element
in learning, goal-directed behavior, and reward processing (14,15), which can lead to drug
dependence. Many regions have been implicated in MCL-DA dysfunction in drug users such
as the dorsolateral prefrontal cortex (dIPFC), anterior cingulate cortex (ACC), inferior
frontal gyrus, orbitofrontal cortex, striatum, hippocampus, basolateral amygdala, and insula
[for review, see (7-9)]. Additionally, interconnections, or network connectivity, among these
areas have been found to be deficient in drug users (16-19). Two networks and their
interconnections within the MCL-DA system have emerged as primary networks of interest:
the salience network (SN) and executive control network (ECN) (20). Activation in the SN is
thought to reflect bottom-up processes and in the ECN is thought to reflect top-down
executive control. Importantly, the SN includes dorsal ACC and insula with extensive
connections to subcortical and limbic structures (20), and the ECN includes dorsolateral
frontal and parietal cortices (20). Individuals with SUDs have exhibited deficiencies in both
the ECN and SN as measured by processing drug-related cues (i.e., craving: SN) (21,22) and
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executive control (i.e., ECN) (23,24). A proposed biomarker for substance abuse is
dysregulation between the SN and default mode network (DMN) (25).

Recent investigations have incorporated neuroimaging methodologies to identify individuals
at greatest risk for poor substance abuse outcomes (e.g., prematurely discontinuing
substance abuse treatment or relapse to drug use). Resting-state network connectivity has
many clinical applications (26) including predicting relapse to drug use (27,28). Specifically,
several regions related to the MCL-DA system have distinguished individuals who relapse to
stimulants (29-33), nicotine (34), and alcohol (35). Additionally, cocaine users have
dysregulation of network connectivity between reward circuitry and nodes of the SN (36).
Such results support a recent theory that substance users have difficulty switching between
DMN and SN processing (25,36). This theory suggests that the insula, a node in the SN
network (20), is an important switch modulating allocation of resources between the DMN
and SN because of its connections with other SN nodes (i.e., the ACC) and DMN nodes (i.e.,
the posterior cingulate cortex). Previous task-based probes of the SN using event-related
potentials (ERPs) have predicted substance use outcomes (37,38); however, localization of
the underlying brain regions generating the neural signal proves difficult (39). The ERP
measures could be generated from caudal and rostral regions of the ACC (40) or the
posterior cingulate cortex (41), suggesting that either the SN or DMN is predictive of the
outcomes measured.

To date, a handful of studies have used functional magnetic resonance imaging (fMRI) to
predict individuals who discontinue treatment, identifying regions including the amygdala
and parahippocampal gyrus (42), thalamus (43), and dIPFC (44). The strongest studies to
predict relapse with fMRI used network connectivity measures and implicated the SN
(27,28). Network connectivity may also predict individuals who will discontinue treatment
prematurely. Here, we recruited a large sample of treatment-seeking incarcerated individuals
with SUDs enrolled in a cognitive behavioral substance abuse treatment program. This
sample overcomes many limitations of previous studies such as small sample sizes or failure
to account for confounding variables (e.g., age, 1Q) that limit generalizability. Participants
completed several clinical assessments and a response inhibition Go/NoGo fMRI task (45)
to probe the SN.

We investigated neural activity elicited by erroneous responses (i.e., false alarms) compared
with correct responses (i.e., hits). Functional network connectivity (FNC) (46) measures
were calculated and used in models predicting who would and would not complete drug
treatment. Machine learning prediction models were developed to identify FNC measures
predictive of substance abuse treatment outcomes. Based on previous research implicating
the MCL-DA system, specifically the ACC and networks connected to it (30-33,37), we
hypothesized network connectivity measures would be predictive of treatment outcomes. To
our knowledge, this is the first implementation of prediction models of substance abuse
treatment outcomes with FNC, while also identifying targets for developing new efficacious
treatments.
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METHODS AND MATERIALS

Participants

Participants were 139 (89 women) treatment-seeking incarcerated individuals who identified
their drug of choice as cocaine (/7= 58; 14 discontinued), methamphetamine (7= 60; 13
discontinued), heroin (7= 20; 4 discontinued), or polydrug (/7= 1; 1 discontinued) and were
recruited from two medium-security prisons in the state of New Mexico. The mean age of
participants was 34.00 years (SD = 7.97) at the time of the baseline assessment, when the
fMRI data were collected. ERPs were also collected from some of these participants and
previously published [52.52% of participants overlap with Steele et al. (37); 53.24% with
experiments 1 and 2 in Fink et al. (47); and 39.57% with experiment 3 in Fink et al. (47)].
Participants were randomized into one of three 12-week manualized interventions; because
each treatment type (addictions counseling [AC], 7= 47; relapse prevention [RP], 7= 46;
substance expectations therapy [SET], 7= 39; 7 participants discontinued treatment before
treatment group assignment) and the completion proportion of each group (completion
group: AC, n=39; RP, n=34; SET, n= 34, discontinuation group: AC, n=8; RP, n=12;
SET, n=5; unassigned, /7= 6) were well represented, we collapsed across treatment types.
Approximately 12% of participants were left-hand dominant, 57% of the sample self-
identified as Hispanic/Latino, 30% as white, 6% as black/African American, 4% as
American Indian, and 3% selected more than one category, Native American, or other. One-
hundred seven (75 women) participants completed the therapy protocol [i.e., at least nine
sessions of the 12-session protocol (48)], and 32 (14 women) participants discontinued
treatment before completing the therapy protocol, receiving eight or fewer sessions.
Individuals who did not complete 9 weeks of treatment for reasons other than voluntary
discontinuation (e.g., early release from prison or paroled, transferred out of general
population or another facility, enrolled in another drug treatment program, or absconded)
were not included in the analyses (see the Supplement for a detailed description and ethical
considerations).

Inclusion Criteria—Participants included in the current study met the following inclusion
criteria: 1) currently incarcerated; 2) cocaine, methamphetamine, or heroin dependent at
time of incarceration; 3) no history of head injury resulting in significant loss of
consciousness; 4) no history of psychosis or first-degree relative with psychosis; 5) at least a
sixth-grade English reading level; and 6) an estimated 1Q greater than 70.

Assessment Measures

Trained researchers administered several assessments, including the Psychopathy Checklist—
Revised (49); Vocabulary and Matrix Reasoning subtests of the Wechsler Adult Intelligence
Scale (50); self-report measures of anxiety (51), depression (52), motivation for change (53);
and the Addiction Severity Index (54). These measures did not differ between the treatment
completion and treatment discontinuation groups, & < 0.90 (Supplemental Table S1). Full
descriptions of assessments are included in the Supplement.

Biol Psychiatry Cogn Neurosci Neuroimaging. Author manuscript; available in PMC 2019 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Steele et al. Page 5

Experimental Go/NoGo Task

Participants performed a difficult, previously published, Go/NoGo paradigm (45) described
in detail in the Supplement prior to initiation of treatment. Briefly, participants were
instructed to respond as “quickly and accurately as possible” with their right index finger
every time the target (Go) stimulus (a white X) appeared, and to withhold a response when
the distracter NoGo stimuli (a white K) appeared. Targets appeared with higher frequency
(84%, 412 trials) than distractors (16%, 78 trials) to establish a strong stimulus-response
mapping on Go trials. The task has been optimized for fMRI data collection.

fMRI Data Collection and Analysis

Imaging data were collected on a Siemens Avanto 1.5T (Siemens Corp., Erlangen,
Germany) mobile scanner with advanced SQ gradients (max slew rate 200 T/m/s, 346 T/m/s
vector summation, rise time 200 ms) equipped with a 12-element head coil. The echo-planar
imaging gradient-echo pulse sequence (repetition time/echo time 2000/39 ms, flip angle 75°,
field of view 24 x 24 cm, 64 x 64 matrix, 3.4- x 3.4-mm in-plane resolution, 5-mm slice
thickness, 30 slices) effectively covered the entire brain (150 mm) in 2000 ms. Head motion
was limited using padding and restraint. Functional images were reconstructed offline at 16-
bit resolution and manually reoriented to the anterior commissure/posterior commissure
plane. Functional image runs were motion corrected using an algorithm based on the
principle of M-estimation, which reduces the influence of large local intensity changes
(INRIAlign) (55,56) as implemented in the SPM software (Wellcome Trust Centre for
Neuroimaging - UCL [www.fil.ion.ucl.ac.uk]).

Group independent components analysis was performed on the preprocessed fMRI time
series data (57) in the MATLAB 2014a (The MathWorks, Inc., Natick, MA) toolbox for
independent components analysis of fMRI (GIFT; http://mialab.mrn.org/software/gift),
detailed previously (57,58). Thirty-four task-related and nonartifactual components were
selected for FNC analysis (Supplemental Figures S1-5). The FNC (46) among independent
components analysis time courses across the entire task was computed using Pearson
correlation coefficients. These coefficients were used in support vector machine (SVM)
models predicting which individuals would or would not complete treatment. These data
reduction steps and permutation analyses are discussed further in the Supplement.

SVM models with a radial basis function kernel were used for classification. A nested,
twofold cross-validation technique was implemented (Supplemental Figure S6), similar to
previous SVM models from our group (37,47,59-61). First, 10-fold cross-validation was
used to estimate the performance of the classifier. In each run, 90% of the data were used for
training and 10% for testing. Second, fivefold cross-validation was used nested inside the
training set to estimate the parameters of SVM via grid search. The grid search used a
logarithmic grid search with basis of 2. The range for C (the soft margin hyperparameter)
and s (the radial basis function kernel hyperparameter) were [0.25 to 512] and [0.125 to
1024], respectively. This method ensures complete independence between selecting and
testing features thus eliminating potential cross-contamination and inflation of predictions.
The permutation analyses assess stability in the models to suggest reliability of the findings.
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Three SVM models were calculated: 1) FNC features only, 2) clinical assessment variables
(sex, age, 1Q, years of drug use, psychopathy, anxiety and depressive symptomatology, and
motivation for change), and 3) FNC features with clinical assessment variables. Mean
replacement was implemented for any missing clinical assessment data (177 of 1807 total).
All features were normalized by z-scoring. These models were designed to identify the best
set of FNC, clinical assessments, or combination thereof to predict substance abuse
treatment outcomes.

RESULTS

Behavioral Results

Independent samples #tests were conducted for response time (RT) and error rates to Go and
NoGo stimuli for the discontinuation group versus completion group. Go stimuli did not
elicit group differences in RT (completion group: mean = 471 ms, SD = 56 ms;
discontinuation group: mean = 461 ms, SD = 58 ms; 137 = —0.84, p=.403) or error rates
(completion group: mean = 12.92 trials, SD = 29.52 trials; discontinuation group: mean =
13.69 trials, SD = 22.82; f37 = 0.14, p=.892). Similarly, incorrect NoGo stimuli did not
elicit group differences in RT (completion group: mean = 403 ms, SD = 46 ms;
discontinuation group: mean = 401 ms, SD = 44 ms; 137 = —0.24, p=.81) or error rates
(completion group: mean = 17.30 trials, SD = 9.93 trials; discontinuation group: mean =
18.00 trials, SD = 10.69 trials; 37 = 0.34, p=.731). Overall, significant post-error slowing
occurred (f3g = —5.93, p<.001), with slower RTs to hits preceded by false alarms (mean =
488 ms, SD = 132 ms) than RTs to hits preceded by correct rejections (mean = 435 ms, SD =
60 ms). The discontinuation group (mean = 12 ms, SD = 85 ms) slowed less post-error than
the completion group (mean = 65 ms, SD = 109 ms; #37 = 2.52, p=.013).

Classification With SVM

The best overall models included FNC measures to predict treatment outcomes. Models 1
(FNC measures alone; permutation-generated p < .001) and 3 (FNC and clinical assessment
variables; permutation-generated p = .026) were nearly identical, with overall accuracy of
80.58% and 81.29%, respectively (Table 1). Model 2 (permutation-generated p value = .
117), including only clinical assessments as features, produced lower overall accuracy
(67.63%) than models 1 and 3. It was possible, however, to predict who would and would
not complete treatment with 80.58% accuracy with only FNC measures in model 1, which is
substantiated as a stable finding with permutation analyses. This corroborates previous
findings (61,62) suggesting that FNC measures are sufficient to predict outcomes because
covariates such as age and sex contribute similarly to prediction models as brain connectivity
features. Model 1 misclassified 27 participants with little pattern related to assigned
treatment type (AC = 9; RP = 11; SET = 5; discontinued prior to treatment assignment = 2)
or drug of choice (drug of choice: cocaine = 12; heroin = 5; methamphetamine = 10).

Several FNC measures were significant between groups (Figure 1; Table 2), corrected for
multiple comparisons with false discovery rate correction (63,64), or feature selected in at
least 80% of the models with the double-input symmetric relevance method during cross-
validation (see Supplemental Methods). In both models 2 and 3, all clinical assessment
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variables were selected in the feature selection step for all iterations. Six FNCs were both
significant between groups and selected in the double-input symmetric relevance step at
least 80% of the time. All six were selected in both models 1 and 3 (Figures 1 and 2). Four
of these FNCs were increased for the individuals who completed treatment, relative to those
who prematurely discontinued treatment, and two had the opposite relationship.

Stronger FNC was found in the completion group relative to the discontinued group among
1) the frontal-medial component 38 (rostral ACC) and the subcortical component 56
(comprising the amygdala, hippocampus, and striatum), 2) the dorsomedial component 7
(middle frontal gyrus) and the dorsomedial component 21 (superior frontal gyrus), 3) the
subcortical component 6 (right thalamus and putamen) and the temporal component 74
(inferior temporal gyrus), and 4) the subcortical component 6 (right thalamus and putamen)
and the insular component 62 (left insula, hypothalamus, cingulate gyrus, and
parahippocampal gyrus; see Figure 2). Stronger FNC in the discontinued group relative to
the completion group was found in 1) the frontal-medial component 65 (caudal ACC) and
the frontal/temporal component 34 (superior temporal gyrus, culmen, and insula) and 2) the
frontal-medial component 65 (caudal ACC) and the posterior component 43 (precuneus; see
Figure 2). The time course for each of these components was regressed against the task
design matrix to identify those components whose time series were most strongly related to
task conditions. As seen in Supplemental Table S2, each component was related to at least
one task condition. Table 3 shows that multiple components had significant relationships in
beta weights and false alarms (components 34 and 38), when a response was made
(component 6 and 62), Go trials (components 21 and 74), all conditions (components 7 and
65), and mixed relationship (components 43 and 56). Results presented in Table 3 and
Supplemental Table S2 largely replicate previous findings relating several distinct regions to
processing and responding to Go/NoGo stimuli (65,66).

DISCUSSION

In the current study, FNC measures were incorporated within SVM learning models to
predict substance abuse treatment outcomes with high accuracy (80.58%). Importantly, high
accuracy was achieved for both individuals who would (81.31%) and individuals who would
not (78.13%) complete treatment. Robust twofold cross-validated SVM models with
permutation tests were implemented, bolstering generalizability of these findings. Further,
the FNC measures implicate abnormalities in the MCL-DA system within individuals who
prematurely discontinue treatment. The ACC, a node in the dysregulated MCL-DA system
(7-9) and SN of SUDs (25,27,36), and its related functional connections were important
contributors to these prediction models. Interestingly, participants who prematurely
discontinued treatment did not exhibit post-error slowing to the same degree as participants
who completed treatment. This could reflect differences between groups in learning from
experiences and planning for the future that ultimately affected whether or not an individual
completed treatment.

Presented here are task-based fMRI findings extending previous resting-state fMRI findings
of SN dysregulations in SUDs (25,27,36), which could inform specialized treatment
interventions. Bridging task-based and resting-state measures of the SN was accomplished
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by probing the ACC node of the SN with a Go/NoGo task known to elicit such activation
(65,66). The insula, another SN node, implicated in interception (67), contributes to both the
prediction models and the SUDs (68,69). Incorporating task-based measures allows for
moving beyond exploring the DMN (70,71) to mapping cognitive functions onto SN FNC
measures predictive of treatment outcomes. Specifically, individuals who prematurely
discontinue substance abuse treatment have aberrant FNCs exhibited during error
monitoring in this Go/NoGo task. Individuals who discontinue prematurely do not exhibit
universal modulations of FNCs (Figure 1). Therefore, interventions could target specific
FNCs to affect behavioral outcomes. For example, the prevalence of mindfulness
interventions has increased with initial evidence, suggesting benefits to specifically targeting
error processing (72). Also, despite its nascence, there is evidence to suggest working
memory training improves concurrent cognitive processing (73,74), which could be
beneficial when attempting to normalize deficiencies in error processing. Error processing
elicited by false alarms in the current task is both a biomarker for poor outcomes (i.e.,
premature discontinuation) and a prime target for intervention to reduce SUDs.

Noninvasive brain stimulation (NIBS) is yet another potential avenue for treating SUDs.
Repetitive transcranial magnetic stimulation, a type of NIBS, over the left dIPFC is Food and
Drug Administration—approved to treat depression (75,76) but has also been explored in
other disorders (77), with substantial evidence for reducing depression symptoms (78).
Network connectivity between the dIPFC and ACC is normalized with this treatment (79)
and increases in dopamine release in the caudate nucleus (80,81), suggesting network
malleability with NIBS. Stimulation of the left dIPFC induces broad activity changes (79)
leading to a potential intervention tool in disorders of the DA system, such as addiction
(82,83). In fact, NIBS has successfully reduced craving for cocaine (84-87) and nicotine
(88). The cognitive dysregulations identified here related to addiction and neural activity in
the ACC, insula, or striatum could be modulated by left dIPFC NIBS to facilitate long-term
positive outcomes.

Overall, these findings have significant implications for substance abuse treatment retention
by identifying individuals at greatest risk for poor outcomes (i.e., premature
discontinuation). Treatment retention is essential in reducing the long-term negative impact
of substance use, regardless of incarceration status, because more treatment is related to
better long-term outcomes (89-91). The prediction models based on task-based FNCs
identified SN dysregulations and targets for SUD treatment interventions.

Future Directions and Conclusions

Future studies could improve and extend our findings by specifically targeting certain
aspects not previously addressed. For example, after individuals discontinued treatment, no
further contact with participants was possible. Future explorations of this topic should
investigate specific reasons for withdrawal (e.g., incompatibility with the treatment) and be
used to develop treatment techniques targeting these reasons. Also, as apparent in Table 1,
the negative predictive value is lower than desired and was likely caused by disparate group
sizes. This value represents the ratio of individuals who discontinued treatment to combined
individuals identified correctly and incorrectly to be in the discontinued group. Future large
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samples with similar group sizes may be necessary to increase the negative predictive value.
However, misidentifying an individual to be at higher risk for discontinuation and thus
allowing more treatment designed to reduce poor outcomes may have a positive rather than a
negative impact. Adding more features into the prediction models may increase accuracy
overall. Large-scale efforts to include several modalities (e.g., structure, volumetric) to best
identify individualized medical treatment are impressive (92). The field is certainly moving
toward including more features in such prediction models, and we applaud those efforts
provided care is taken to not overfit models with too many variables. The goal of the current
experiment was to identify the underlying cognitive functions predictive of treatment
outcome. With that in mind, adding more features (e.g., structure or volumetric measures)
may increase accuracy but would limit interpretability in relation to cognitive functions and
increase complexity of the models. Similarly, implementing a task allowing for back-to-back
commission errors may help differentiate groups in a meaningful way.

In the current report, we identified SN dysregulations within FNC measures of task-based
fMRI data as accurate predictors of substance abuse treatment outcomes overall (80.58%) by
implementing machine learning pattern classifiers. Importantly, high rates of predicting both
completion (81.31%) and discontinuation (78.13%) were achieved. We extended previous
findings of SN dysregulations identified in resting-state fMRI (25,27,36) with FNCs related
to error processing that could be used specifically as biomarkers for poor outcomes and
targets future SUD interventions. Targeted treatments, whether they are specialized cognitive
behavioral treatment, mindfulness interventions, psychopharmacological interventions,
NIBS, or combinations of interventions, should integrate these findings to facilitate positive
long-term outcomes for individuals with SUDs. We highlight that error processing may be
an essential biomarker of MCL-DA and SN dysregulation that should not be overlooked as a
risk factor or a target for intervention.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 2.

Functional network connectivity (FNC) measures that were significantly different between

groups and predictive of substance abuse treatment outcomes. Stronger FNC in the

completion group relative to the discontinued group (bounded by red boxes) was found
between (A) component 38 (rostral anterior cingulate cortex) and component 56 (comprising
the amygdala, hippocampus, and striatum); (B) component 7 (middle frontal gyrus) and
component 21 (superior frontal gyrus); (C) component 6 (right thalamus and putamen) and
component 74 (inferior temporal gyrus); and (C) component 6 (right thalamus and putamen)
and component 62 (left insula, hypothalamus, cingulate gyrus, and parahippocampal gyrus).
Stronger FNC in the discontinued group relative to the completion group (bounded by a blue
box) was found in (D) component 65 (caudal anterior cingulate cortex) and component 34
(superior temporal gyrus, culmen, and insula); and (D) component 65 (caudal anterior
cingulate cortex) and component 43 (precuneus). These FNC measures extend previous
event-related potential findings (37) and are substantially useful in predicting treatment

outcomes.
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Table 1

Support Vector Machine Models Predicting Treatment Completion

Clinical FNC and Clinical
FNC Assessments Assessments
Modd 1 Model 2 Model 3
Overall Accuracy 80.58% 67.63% 81.29%
Sensitivity 81.31% 70.09% 82.24%
Specificity 78.13% 59.38% 78.13%
Positive Predictive Value 92.55% 85.23% 92.63%
Negative Predictive Value  55.56% 37.25% 56.82%

Three support vector machine models predicting substance treatment completion were computed. The first model used only functional network
connectivity (FNC) measures, the second model used clinical assessments alone, and the third model used both FNC measures and clinical
assessment measures. Sensitivity is the measure of how well the model identified who would complete drug treatment, and specificity is the
measure of how well the model identified who would discontinue drug treatment. Positive predictive value represents the ratio of individuals who
completed treatment to combined individuals identified correctly and incorrectly to be in the completion group. Negative predictive value
represents the ratio of individuals who discontinued treatment to combined individuals identified correctly and incorrectly to be in the discontinued
group. Permutation p values related to the overall classification accuracy were calculated for each model: model 1, p<.001; model 2, p=.117;

model 3, p=.026.
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Table 3

Summary of Independent Component Relationship to the Design Matrix

Hits Correct Rgects False Alarms

Component  (t Value) (t Value) (t Value)
6 6.669 176 4.492
7 -13.074 -11.694 -9.624
21 5.254 8.094 -1.51
34 -9.634 -2.09 9.284
38 -5.024 -7.334 12.424
43 -16.744 2.74b -4.042
56 0.75 _7_385 _4‘215
62 5_17&' 2.07 5.773
65 7674 14512 20.322
74 5538 15.824 0.05

Relationship between time courses of independent components and the design matrix of experimental conditions hits, correct rejections, and false
alarms are presented. The functional network connectivities among these 10 components are presented in Figure 2 and were most useful in
predicting substance abuse treatment completion. A false discovery rate correction for multiple comparisons was applied (63,64).

ap< .001.

bp< .01.
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