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Quitting starts in the brain: a randomized controlled trial
of app-based mindfulness shows decreases in neural responses
to smoking cues that predict reductions in smoking
Amy C. Janes1,2, Michael Datko3,4, Alexandra Roy5, Bruce Barton6, Susan Druker6, Carolyn Neal7, Kyoko Ohashi1,2, Hanif Benoit6,
Remko van Lutterveld5 and Judson A. Brewer5

Current treatments for smoking yield suboptimal outcomes, partly because of an inability to reduce cue-induced smoking.
Mindfulness training (MT) has shown preliminary efficacy for smoking cessation, yet its neurobiological target remains unknown.
Our prior work with nonsmokers indicates that MT reduces posterior cingulate cortex (PCC) activity. In individuals who smoke, the
PCC, consistently a main hub of the “default mode network,” activates in response to smoking cues. In this randomized controlled
trial, we tested the effects of app-delivered MT on PCC reactivity to smoking cues and whether individual differences in MT-
mediated PCC changes predicted smoking outcomes. Smoking cue-induced PCC reactivity was measured using functional
magnetic resonance imaging at baseline and 1 month after receiving smartphone app-based MT (n= 33) vs. an active control
(National Cancer Institute’s QuitGuide, n= 34). Whether individual differences in treatment-related changes in PCC activity
predicted smoking behavior was assessed. The MT group demonstrated a significant correlation between a reduction in PCC
reactivity to smoking cues and a decline in cigarette consumption (r= 0.39, p= 0.02). No association was found in the control
group (r= 0.08, p= 0.65). No effects of group alone were found in PCC or cigarette reduction. Post hoc analysis revealed this
association is sex specific (women, r= 0.49, p= 0.03; men: r=−0.08, p= 0.79). This initial report indicates that MT specifically
reduces smoking cue-induced PCC activity in a subject-specific manner, and the reduction in PCC activity predicts a concurrent
decline in smoking. These findings link the hypothesized behavioral effects of MT for smoking to neural mechanisms particularly in
women. This lays the groundwork for identifying individuals who may benefit from targeted digital therapeutic treatments such as
smartphone-based MT, yielding improved clinical outcomes.

Neuropsychopharmacology (2019) 44:1631–1638; https://doi.org/10.1038/s41386-019-0403-y

INTRODUCTION
Nicotine dependence is a chronic relapsing condition. Although
>70% of smokers want to quit, fewer than 5% achieve abstinence
annually [1]. Failure is related to several factors, including withdrawal
(for review see [2]) and smoking-related cue exposure [3]. Smoking
cues are known to motivate behavior: seeing someone else smoke
elicits strong urges [4] and exposure to smoking cues predicts
craving and smoking [5]. The ubiquitous nature of, and exposure to,
smoking-related cues provides a major barrier to quitting [6]. Thus,
reducing reactivity to smoking cues may be a promising strategy vs.
cue avoidance or other approaches. Therefore, it is important to test
strategies that attenuate the neurobiological mechanisms involved
in cue reactivity, as such brain changes may inform and enhance
smoking cessation treatment [7].
Although a number of brain regions have been implicated in

cigarette cue-reactivity, the posterior cingulate cortex (PCC), a

major node of the default mode network (DMN), has come into
focus. As part of the DMN, the PCC has been linked to self-
reference, such as when someone is thinking about themselves,
planning future events, or daydreaming [8–12]. Additionally, PCC
activation has been linked to cue-reactivity across addictive
disorders, including smoking [13, 14], cocaine [15], and patholo-
gical gambling [16]. Critically, a recent meta-analysis found that
smoking cues reliably evoked PCC reactivity [7], while a case study
showed that a lesion to the PCC led to quitting [17].
Increased PCC activity has been suggested to be associated

with “getting caught up” in one’s experience, such as getting
fixated on a particular thought, lost in mind-wandering, or pulled
into drug craving [18–20]. Conversely, the PCC becomes
deactivated during non-self-referential tasks, such as being
focused on a task or during mindfulness meditation [20, 21]. In
fact, several cross-sectional studies of nonsmokers have found
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that engaging in mindfulness decreases PCC activity in experi-
enced meditators compared to novices across three different
meditation techniques [20, 22]. Further, the PCC deactivated
during focused attention in a meta-analysis of 78 studies of
meditation [23]. This prior work in nonsmokers suggests that in a
smoking population, mindfulness may impact the PCC in a
manner that is opposite to the effects of smoking cues. These prior
results also fit with the purported role of the PCC as a hub of the
DMN, as well as the theoretical underpinnings of mindfulness: self-
referential processing may represent getting caught up in one’s
internal experience, while mindfulness trains the individual to “let
go.” In other words, we hypothesize that individuals who learn to
be mindful of cravings may be more able to avoid getting caught
up in them, with a concomitant reduction in PCC activation [9].
Together, these studies provide a specific brain-based mechanistic
model of how mindfulness changes habitual behaviors [24, 25].
Mindfulness has been operationalized to include complemen-

tary components of present-centered awareness and acceptance.
Thus, mindfulness training (MT) teaches individuals to work with
triggers and cue-induced affective states as they arise, rather than
reacting to urges by smoking [26]. Mindfulness-based interven-
tions, such as Mindfulness-Based Relapse Prevention, demonstrate
some evidence for reduced substance use (reviewed in [27])
[28, 29]. With regard to smoking, MT showed greater cessation in
smoking compared to cognitive therapy (31 vs. 6%) [30]. Further,
MT moderated a decoupling of cue-induced craving and smoking,
suggesting an extinction of operantly conditioned habits [26, 31].
App-based smartphone interventions are increasingly used to

deliver behavioral treatments because of their relative low cost
and enhanced accessibility. This new class of “digital therapeutics”
may be an effective way to deliver MT, as just-in-time interven-
tions can be accessed both in context and on demand when
triggered by cues. Additionally, app-based delivery affords unique
research advantages when studying the neural mechanisms of
mindfulness, as it maintains 100% fidelity, and the “dose” of
training can be accurately tracked.
An important next step in understanding the mechanisms of

mindfulness is determining whether cue-induced PCC reactivity is
decreased by app-based MT, and how such a change in specific
brain activity relates to smoking. Further, the field is calling for
next steps in capitalizing on individual variability as a way to move
beyond group-level effects. For example, recent studies have
leveraged individual differences to improve diagnostic power and
determine level of severity in substance use disorders [14, 32, 33].
With previously identified target regions of interest, these
methods can now be applied to identifying mechanisms of
mindfulness at the level of the individual.
In this study, we examined the neurobiological effects of app-

delivered MT on smoking cue-reactivity in the PCC (our a priori
defined region of interest), and whether changes therein
predicted smoking reduction at the level of the individual. We
hypothesized that smokers who engaged in MT would demon-
strate reductions in PCC cue-reactivity and that these reductions
would predict reductions in cigarette smoking at the level of the
individual.

MATERIALS AND METHODS
Study overview and timeline
This was a parallel-group study with equal randomization and
individuals were recruited using local flyers, and Facebook ads.
The project director screened participants and eligibility criteria
included: (1) smoking >10 cigarettes/day; (2) <3 months of
smoking abstinence in the previous year; (3) 8+ of 10 on a
“Readiness-to-change” scale [34]; (4) owning a smartphone; and
(5) age between 21 and 65. Participants were excluded if they
reported (1) a history of serious neurological or psychiatric
conditions (beyond nicotine dependence; e.g. seizure disorder,

history of a stroke, schizophrenia, bipolar disorder etc.); (2)
changing dose of any psychoactive medication in the past
3 months; (3) previous experience with mindfulness-based stress
reduction or equivalent; (4) current meditation or yoga practice
(>30min/day for >5 days); (5) current alcohol abuse; (6)
claustrophobia; (7) pregnancy; (8) MRI incompatibility; or (9)
tested positive for illegal psychoactive substances or cannabis. All
participants underwent informed consent procedures prior to
participation, and their participation was voluntary. Participants
were given $25 upon completion of the first functional magnetic
resonance imaging (fMRI) visit and $75 upon completion of the
second visit. This study was approved by the Institutional Review
Board of the University of Massachusetts Medical School (UMMS).
At baseline, eligible participants performed a smoking cue-

reactivity fMRI task at UMMS. They were then given a sealed
envelope with their random assignment: an app-based MT or
active control app. This was generated in variable blocks of four
and six by an independent statistician and the envelopes were
prepared by an individual independent of data acquisition. An
experimenter helped install the assigned app on their smartphone
immediately following the first MRI visit, while making sure the
participant understood the features of the app and could
demonstrate how to use it. Participants were instructed to use
their app to help them quit smoking over the next 4-week period.
At the posttreatment visit, participants completed the same cue-
reactivity task as baseline. Smoking status was verified with a
carbon monoxide breathalyzer test at each visit.

Smartphone-based app interventions
The app-based MT program is a phone app designed to deliver
core elements of a manualized MT program for smoking cessation
with high fidelity [30, 35]. The program has 22 unique learning
modules (5–15min/module) consisting of daily training videos
and in vivo on-demand exercises. Program features are designed
to help users self-monitor their smoking habits, identify triggers
for smoking, learn methods to become more aware of cravings
and use mindfulness practices to ride them out (see Supplemen-
tary Text S1). The program calculates and encourages a gradual
taper over a 3-week period based on baseline cigarette use.
Participants in the control group used the National Cancer

Institute’s QuitGuide app (NCI) (https://smokefree.gov/tools-tips/
apps/quitguide). NCI is based on the design and principles of
Smokefree.gov, the most accessed smoking cessation website in
the US. It includes strategies for quitting and health outcomes
information.

Expectancy evaluation
Expectancy was assessed at baseline (please refer to Supplemen-
tary Text S2 for the questions) [36]. Post treatment, participants
were asked, “How likely are you to recommend this app to a
friend?”

Study outcomes
The primary outcome of this study was to demonstrate that app-
based MT reliably decreased PCC reactivity to smoking cues.

Functional MRI task
At each MRI visit, participants completed a previously developed
cue-reactivity task (Fig. 1) [13, 37]. To reduce variability related to
cravings during the MRI task, participants smoked immediately
prior to scanning. Participants were shown 60 smoking, 60 neutral,
and 10 target images divided evenly across 5 scanning blocks
lasting 5m 18 s each, for a total task time of 26.5 min. Images were
presented for 4 s each in a pseudorandom order. Participants were
shown a fixation cross on a black screen during jittered inter-trial-
intervals, which ranged from 6 to 14 s (10 s average). Smoking
images included smoking-related content such as people smoking
or holding cigarettes. Neutral images were matched for content.
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All images were novel in that no image shown on the
preintervention visit was repeated during the second scan. Task
instructions were to pay attention to all images, but to respond
with a button-press any time they saw an image of an animal.
Animals were used as target images to ensure participants stayed
awake and attended to the task, but were not included in
analyses. Between each of the five task scans, participants were
asked whether they had fallen asleep at any point during the scan
and it was repeated if the participant reported falling asleep (n=
2, baseline).

Neuroimaging data collection
Imaging data were collected on two Philips 3 Tesla MRI scanners
(see Supplementary Fig. S1, which showed no significant
differences between scanners). High-resolution anatomical MRI
scans were acquired using the MPRAGE protocol with the
following parameters: 181 (sagittal) slices, repetition time (TR)/
echo time (TE): 7.0/3.2 ms, shot interval: 3000ms, field of view
(FOV) 240 × 240 × 181, matrix= 240 × 240; 1 mm isotropic voxels.
Cue-reactivity task scans were collected with the following
parameters: 139 scans, 37 (transverse) slices; TR/TE: 2000/30 ms,
FOV 216 × 216 × 130, matrix= 80 × 80; 2.7 × 2.7 × 3.5 mm voxels.

fMRI preprocessing
fMRI data analysis was conducted using tools from the fMRI of the
Brain Software Library (FSL; www.fmrib.ox.ac.uk/fsl). The first five

volumes for each run were removed to allow for signal
stabilization. Functional data were preprocessed using the
following: (1) motion correction with MCFLIRT, (2) brain extraction
using BET, (3) slice timing correction, (4) spatial smoothing with a
Gaussian kernel of full-width half-maximum 6mm, and (5) high-
pass temporal filter with Gaussian-weighted least-squares straight-
line fitting with σ= 100 s. A script was also used to detect and
adjust for artifacts due to motion and intensity spiking prior to
conducting preprocessing within FSL [38]. Participants’ structural
images were registered to the MNI152 2mm standard space
template; corresponding functional datasets were transformed
into standard space at 2 mm3 resolution using the resulting
registration transformation matrices.

Cue-reactivity analysis
First-level analysis was conducted on each of the participant’s five
cue-reactivity runs separately. First-level general linear model
included three regressors, convolved with the gamma hemody-
namic response function, corresponding to smoking, neutral, and
target image presentation. Confound regressors based on rigid-
body head-motion parameters were included to model motion
effects. Consistent with our prior work [37, 39], another regressor
was included that represented motion/intensity artifacts identified
and removed prior to preprocessing. Contrasts between smoking
and neutral image conditions were created for each run. First-level
results were then combined across task scans using a second-level
fixed effects analysis to obtain the average contrast-related brain
reactivity for each participant. To determine the Group by
Treatment interaction on PCC reactivity to smoking > neutral
cues, a repeated measures ANOVA was conducted on beta-
weights for smoking > neutral contrasts that were extracted from
the PCC region-of-interest (ROI), which was based on an
independent dataset evaluating the smoking > neutral contrast
at the whole brain level (Fig. 1, bottom) [37]. To examine between-
group differences in pre- vs. posttreatment cue reactivity, the
posttreatment PCC BOLD response for the smoking vs. neutral
contrast was subtracted from the baseline response. The groups
were then compared directly on this measure using a t test.
To confirm that the task activated the PCC at baseline, a group-

level voxel-wise analysis was conducted, restricting the analysis
to the PCC. Cluster-level correction was applied using
randomize, FSL’s tool for nonparametric permutation inference,
z= 3.1, p < 0.05.

Study blinding
Participants were blinded to group and team membership. Team
members who randomized participants and performed scans did
not perform study analyses. The principal investigator and team
members who conducted fMRI and statistical analysis were
pseudo-blinded to group until all analyses were complete.

Sample size
Our prior work with experienced meditators showed a percent
signal change in PCC activity of −0.3 (SD= 0.2), while novices
showed a percent signal change of 0.0 (SD= 0.2) [20], which
yielded an effect size (ES) of 1.5. To be conservative we used an ES
of 0.9 for power calculation; a sample size of 20 subjects/group
provided 80% power to detect an ES of 0.9 with two-sided 5%
type I error using a two-sample t test.

Correlation analysis
The relationship between treatment-induced changes in PCC
reactivity to smoking > neutral cues and the change in number of
cigarettes smoked per day was evaluated using Spearman’s
correlation coefficient. Correlation comparison was performed
using a standard z test of Fisher’s z-transformed correlations.
Cigarette use change scores and change in PCC reactivity (Δ) were
calculated by subtracting baseline from posttreatment values. To

Fig. 1 Study design. Yellow overlay on the anatomic brain image at
the bottom represents the a priori defined PCC ROI derived from
Janes et al. [37, 39] for this analysis. PCC posterior cingulate cortex,
ROI region of interest

Quitting starts in the brain: a randomized controlled trial of app-based. . .
AC Janes et al.

1633

Neuropsychopharmacology (2019) 44:1631 – 1638

http://www.fmrib.ox.ac.uk/fsl


examine the role of app modules in the change in smoking, a
linear regression model was created for each group with change
in smoking as the dependent variable and, as independent
variables, ΔPCC, the number of modules completed, and the
baseline number of cigarettes smoked. To determine whether
effects were specific to the PCC, the medial prefrontal cortex
(mPFC) and bilateral anterior insula (dAI) were evaluated. The
mPFC (8 mm sphere centered on x=−4, y= 54, z= 4) was
chosen given that it typically coactivates with the PCC to smoking
cues and shows decreased activation in experienced meditators
[20]. In contrast, the dAI ROI, which has been used in our prior
work [37] does not show decreased activation in meditators, yet
has been linked to nicotine dependence.

RESULTS
Participants
Eighty-three participants (average age= 44.4 years) were
recruited (see Table 1) between December 2016 and July 2018,
of which 67 participants completed the study and were used in
the final analysis (see CONSORT diagram, Fig. 2). One participant
was excluded because of concussive symptoms unrelated to the
study. No participants reported any type of current meditation or
yoga practice at the time of screening.

Behavioral and app data
There were no differences in app uses between the MT
(completed an average of 15.6 ± 6.9 out of 22 modules), and
NCI groups (completed 15.6 ± 6.6 modules, see Table 2, p= 0.93,
d= 0). At baseline, individuals in the MT group rated the
usefulness of the app as a 6.7 ± 1.8 out of 9, their confidence in
recommending the app to a friend as 5.6 ± 2.3 out of 9, and their
likelihood to quit as 81 ± 19% out of 100%. Individuals in the NCI
group rated the usefulness of the app as a 6.9 ± 1.8 out of 9, their
confidence in recommending the app to a friend as 5.8 ± 2.0 out
of 9, and their likelihood to quit as 80 ± 19% out of 100%. No
differences in these expectancies were found between the groups
(see Supplementary Table, S1). At follow-up, the MT group
reported a significantly higher likelihood of recommending to a
friend (9.6 ± 0.7 vs. 5.9 ± 3.4, p < 0.001, d= 1.5).
At baseline, individuals reported smoking 16.8 ± 5.5 (MT) and

16.6 ± 5.9 (NCI) cigarettes/day. At post intervention they reported
smoking 5.4 ± 5.6 (MT) and 7.9 ± 8.0 (NCI) cigarettes/day, for an
average reduction of 11.4 ± 7.4 (p < 0.0001, d= 2.05) in the MT
group and 8.7 ± 5.8 (p < 0.0001, d= 1.28) cigarettes/day in the NCI
group (Table 2). At baseline, participants who completed all
procedures (n= 67) were not statistically different from those who
dropped out (n= 16).
A significant correlation between the number of training

modules that an individual completed and the change in number
of cigarettes smoked/day was found in the MT group (rs= 0.49,
p= 0.004), but not in the NCI group (rs= 0.20, p= 0.25).

Brain reactivity to smoking > neutral cues and correlations with
smoking outcomes
Subject motion was low with no difference in absolute mean
displacement between groups on either the baseline (p= 0.45,
d= 0.19, MT= 0.18mm, NCI= 0.19 mm) or the posttreatment visit
(p= 0.41, d= 0.20, MT= 0.20 mm, NCI= 0.22mm).
Both groups demonstrated significant PCC cue reactivity at

baseline (Supplementary Fig. S2, z= 3.1, p < 0.05, corrected using
nonparametric permutation testing). A repeated measures ANOVA
revealed no main effect of Visit (baseline/post-treatment), Group
(MT/NCI) or interaction between the two in pre- to posttreatment
PCC cue reactivity to smoking > neutral cues (Table 2).
No between-group difference in pre- vs. posttreatment PCC

cue-reactivity was found when the differences were directly
compared (MT: −3.6 ± 33.9, 95% CI= 12.0; NCI: −2.77 ± 33.0, 95%
CI= 11.5; p= 0.92, d= 0.02).
A significant correlation was found between the ΔPCC score

and the change in number of cigarettes smoked/day in the MT
group (n= 33, rs= 0.39, p= 0.02, Fig. 3) but not in the NCI group
(n= 34, rs= 0.08, p= 0.65). Post-hoc analyses of the control
regions indicated that the change in number of cigarettes in the
MT group was also correlated with the reduction in mPFC
activation (rs= 0.35, p= 0.05), but not within the bilateral dAI
(rs=−0.08, p= 0.64).
To investigate the joint association of ΔPCC and number of

modules viewed on the change in cigarette smoking, separate
linear regression models were fitted for each group. In the linear
regression model combining ΔPCC, number of modules com-
pleted, and cigarettes smoked at baseline, all predictors were
significantly related to the change in cigarette smoking for the MT
group: change in PCC (coefficient= 0.07; t-statistic= 2.55;
p= 0.02), number of modules (coefficient= 0.30; t-statistic=
2.28; p= 0.03), and baseline number of cigarettes smoked
(coefficient= 0.75; t-statistic= 4.53; p < 0.0001). This indicates that
there was a decrease of 0.07, 0.30, and 0.75 cigarettes/day smoked
for every unit decrease in the PCC, every module viewed, and
every cigarette smoked at baseline, respectively. The R2 for this
model was 0.58. Conversely, for the NCI group, no predictors were
associated with changes in cigarette smoking, all p values ≥ 0.20.
The R2 for this model was 0.08.
A post-hoc evaluation of sex revealed that the ΔPCC correlation

with the change in number of cigarettes smoked/day was
significant in females receiving MT (n= 20, rs= 0.49, p= 0.03),
but not in males (n= 13, rs=−0.08, p= 0.79) (see Supplementary
Fig. S3). This between-sex difference was significant (z= 1.7, p=
0.04, one-tailed). No association was noted in the NCI group even
when evaluating females (n= 24, rs=−0.06, p= 0.78) and males
(n= 9, rs= 0.48, p= 0.19) independently.
Post-hoc analysis revealed that at baseline 13.4% of subjects did

not demonstrate any PCC cue reactivity (smoking > neutral beta
weights > 0). A chi square test revealed no differences between
groups in the number of nonreactive individuals at baseline

Table 1. Baseline demographic characteristics

MT (N= 33) NCI (N= 34) p value

Gender (male/female) 13/20 9/25 0.26

Age (mean with standard deviation in parentheses) 46 (11) 43 (11) 0.20

Highest level of completed education (some high school/high school
or GED/some college or technical school/college graduate or higher

0/6/13/14 0/6/16/12 0.68

Work status (full-time/part-time/homemaker (not looking for job)/disabled—unable
to work/retired/unemployed)

24/3/0/0/3/3 25/4/1/0/0/4 0.43

Marital status (never married/married or cohabiting/separated or divorced/widowed) 9/12/11/1 10/15/8/1 0.87

Race (White/African American/Asian /Hispanic/White and Hispanic/White & African American) 30/0/1/1/1/0 31/0/0/0/2/1 1

Number of cigarettes at baseline (mean with standard deviation in parentheses) 17 (6) 16 (6) 0.79
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(χ2= 1.02, p= 0.32) or at posttreatment (χ2= 0.54, p= 0.46). In the
MT group, cue-reactive individuals showed significantly higher
reduction in cigarette use than nonreactive individuals (p < .005,
d= 1.47), whereas no difference was found in the NCI group (p=
0.99, d=−0.003). At a group level, individuals who received the
MT intervention who showed a reduction in cue-reactivity from
pre- to posttreatment also demonstrated significantly greater
reduction in cigarettes smoked than those who showed increased
cue-reactivity (reduction of 14.12 vs. 8.56, p= 0.02, d= 0.79),
whereas no differences were found in the NCI group (reduction of
9.63 vs. 7.47, p= 0.23, d= 0.37). No adverse events related to
either of the study interventions were reported through active
monitoring.

DISCUSSION
The current work is the first to study the neural mechanisms of MT
on smoking cue-reactivity at the level of the individual. Using a
novel app-based delivery modality, we found that a reduction in
cue-induced PCC reactivity predicted a concomitant reduction in
cigarette smoking, an effect that was specific to individuals in the
MT group. An association was also found between the reduction
in cigarettes smoked/day and the number of modules of
MT completed (a proxy for “dose”) as well as a joint association
between completed modules and ΔPCC activity, which
together with the number of cigarettes smoked at baseline
accounted for 58% of the variance; these effects were
not observed in the NCI group, suggesting specificity far
beyond expectancy, motivation and the general use of an app-
based smoking cessation treatment modality. Post-hoc analysis
revealed that this effect was largely driven by women. An
alternate interpretation for a lack of correlation seen in the NCI
group is that its effects were found regardless of the amount of
times that the app was used.
While the NCI program provides generalized cessation support,

MT provides a focused strategy that specifically trains individuals
to reduce how “caught up” they get by cue-induced thoughts/
emotions and resultant smoking. In line with previous studies

demonstrating PCC cue-reactivity in smokers, and reductions in
PCC activity during meditation in nonaddicted populations, these
results are the first to support the hypothesized neurobiological
mechanism underlying the behavioral effectiveness of mind-
fulness in smoking cessation in that they demonstrate a specific
effect of MT (reduced PCC reactivity) predicting a clinically
relevant outcome (a reduction in cigarette smoking) at the level
of the individual.
The impact of MT was not specific to the PCC, but also included

the mPFC. Collectively, these functionally connected regions are
primary nodes of the DMN [8] and typically coactivate in response
to smoking cues [37] while also showing concurrent deactivation in
experienced meditators [20]. Thus, it was unsurprising that MT had
a similar impact in both regions. However, MT’s influence was not
nonspecific, as an effect was not found in the dAI, a brain region
that has been strongly linked with nicotine dependence [37].
Consistent with prior work, at baseline, the PCC showed

significant activation to smoking > neutral cues in both groups
[7, 37–39]. Importantly, reductions in PCC reactivity, at a group
level, were not specific enough to predict outcomes; only when
individual variability was taken into account did the modeling have
sufficient granularity to yield specific effects on smoking. This may
be in part due to the MT helping some individuals more than
others not get caught up in craving (and concomitant PCC
reactivity). Previous studies have shown that PCC reactivity is
increased during smoking abstinence [40], even when pharmaco-
logical aides are utilized [41]. Our data demonstrated a dichotomy
in smoking outcomes that was specific to MT: individuals who
reduced PCC activity from pre−post showed a significantly greater
reduction than those who increased PCC activity (no effect was
found in the NCI group). Further supporting the importance of
accounting for individual differences in studies such as this one,
individuals in the MT group who lacked baseline PCC cue-reactivity
showed a significantly attenuated reduction in cigarette smoking.
Those lacking baseline PCC cue-reactivity may not be as “caught
up” by cue-induced craving and therefore may be less likely to
need or to behaviorally respond to MT, but instead may require
other cessation aids addressing their specific reasons for smoking.

Fig. 2 CONSORT diagram
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Recent work has used brain-based phenotyping (“biotyping”) of
extreme individual deviations to improve diagnostic power and
accuracy in psychiatric disorders, as well as gauge severity of
substance use disorders [14, 32, 33]. In relation to the current
work, individual variance in smoking cue-reactivity has been
noted and in response, a call has been made to attend to such
variance in guiding treatment [42, 43]. For example, prior studies
have found that greater baseline insula reactivity to smoking cues
predicted medication-assisted outcomes [38, 44]. To our knowl-
edge, the current study is the first to identify a behavioral
“treatment biotype” for predicting clinical outcomes at the level of
the individual that brings together consistent theoretical models
of addiction (operant conditioning), treatment (MT) and asso-
ciated brain mechanisms (PCC). From a treatment standpoint,
these findings are important, as they suggest that heightened
pretreatment PCC cue reactivity may identify individuals who are
more responsive to specific interventions that target reducing PCC

activity (e.g. MT). As a direct next step, novel methods based on
baseline cue-reactivity can be developed for screening, prospec-
tively selecting and personalizing treatment delivery to maximize
the likelihood of success.
As relapse can be precipitated by many factors, cessation

strategies that do not specifically target certain precipitants (e.g.
cue-reactivity) may leave individuals vulnerable to the motivational
effects of cues. This conjecture is supported by studies of
medication-assisted cessation treatments such as nicotine replace-
ment therapy (NRT), which has not demonstrated a specific effect on
cue-reactivity [45]. Specifically, individuals with relatively greater
smoking cue-reactivity prior to cessation aided by NRT were the
most likely to relapse [7, 32, 38, 42–44, 46], indicating how
treatments that do not effectively mitigate cue reactivity may leave
individuals vulnerable to relapse. Thus, while smoking may be
reduced in the short term with more broadly focused treatments
(e.g. NCI), cue-reactivity may contribute to relapse vulnerability when
not coupled with a concurrent reduction of PCC reactivity to
smoking cues. Future work will require assessing longer-term
outcomes to determine the lasting impact of MT or other modalities
that specifically target cue-reactivity to aid in cessation.
Our post-hoc analysis revealed an effect of sex such that the

relationship between the reduction in PCC reactivity and smoking
was noted only in female, but not male smokers, suggesting that
MT may be particularly effective for women. This finding may be
explained by work indicating that men and women smoke for
different underlying reasons; men are more sensitive to the
reinforcing effects of nicotine while women smoke to mitigate
depression and negative affect [47]. Similar to the discussion
regarding smokers having difficulty disengaging from cue-
induced internal states, a hallmark of major depressive disorder
(MDD) is the inability to shift out of internally focused, ruminative
thinking [48], which has been linked with enhanced DMN and PCC
reactivity during exposure to negative images [49]. These findings
fit with the overarching role of the PCC as a brain region driving
internal focus no matter the trigger. One possibility is that women
are generally more likely to engage and stay stuck in such
ruminative states, explaining the higher rates of depression [50]
and the stronger link between MDD and smoking in women
relative to men [47]. Collectively, the current and prior studies
suggest that in comparison to men, women are more likely to
smoke due to the engagement of PCC-mediated internal states,
and are more likely to reduce smoking when cue-induced PCC
reactivity is mitigated. In contrast to women, men are more
responsive to traditional pharmacotherapy, which blunts the
pharmacological influence of nicotine and withdrawal [51–53].

Table 2. Brain and behavioral changes with app-based training. Combined and group-wise results for smoking cue reactivity in PCC, cigarettes
smoked per day, and number of app modules completed are reported

Combined (N= 67) MT (N= 33) NCI (N= 34) p d

Mean SD Mean SD Mean SD

PCC reactivity Smoking > Neutral

Baseline 20.5 22.0 22.2 21.6 18.9 22.2 0.54 0.15

Posttreatment 17.3 22.9 18.6 22.2 16.1 23.4 0.66 0.11

ΔPCC −3.18 33.5 −3.6 33.9 −2.8 33.0 0.92 0.02

Cigarettes/day

Baseline 16.7 5.8 16.8 5.5 16.6 5.9 0.87 0.04

Posttreatment 6.7 7.0 5.4 5.6 7.9 8.0 0.15 0.36

ΔCigarettes smoked 10.0 6.8 −11.4 7.4 −8.7 5.8 0.10 0.41

App modules completed (out of 22) 15.6 6.8 15.6 6.9 15.6 6.6 0.93 0

PCC posterior cingulate cortex
p values represent between-group comparisons. Δ= change between baseline and posttreatment

Fig. 3 Correlations between change in number of cigarettes
smoked and change in PCC activity from baseline to post
intervention (ΔPCC) in the Mindfulness Training group. PCC poster-
ior cingulate cortex
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Thus, the current work suggests that MT may be an effective
alternative targeting smoking relapse risk factors that are more
relevant to women vs. men. This sex difference may also explain
the nonsignificant difference when comparing the MT and NCI
groups as a whole as there were only nine women in the NCI
group. Future research is required to explore these sex-specific
effects more fully.
While this study has a number of strengths and notable

findings, including carefully controlling for treatment using an
active control, accounting for engagement and expectancy,
assuring adequate sample sizes, and minimizing risk of bias
(Cochrane risk bias analysis demonstrated low risk in six of seven
categories [54]), there are several limitations, including the short
duration of follow-up for smoking outcomes and the specific focus
on a single region of interest. Future studies are needed to
determine broader neural networks and network connectivity
changes that may be involved in mindfulness-based behavior
change, and the long-term effects of app-delivered mindfulness
training that links changes in brain activity to smoking cessation
outcomes. Additionally, studies involving larger sample sizes are
required to more thoroughly evaluate sex, including the impact of
the menstrual cycle in women. While the current study did not
consider hormonal variation in women, these findings indicate
differences in male and female smokers, which is a critical
first step to understanding the sex-specific effects of MT. Further,
the current finding fits with the theoretical framework that
men and women smoke for different reasons and mitigating a
PCC-mediated internal focus is more strongly linked with a
reduction in smoking in women. Irrespective of these limitations,
the current work supports the hypothesis that mindfulness
training reduces PCC reactivity to smoking cues in those who
decrease smoking behavior regardless of sex, thus providing a
neurobiological mechanism for its effectiveness, and potential
biotype markers that can be assessed for personalization and
optimization of treatment and resultant clinical outcomes.
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