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Key Points

Question: Can natural language processing be leveraged to predict longitudinal drug use outcomesin

individuals with substance use disorder?

Findings: In this prospective study that included initially abstinent individuals with cocaine use disorder
(iICUD), models using demographics, neuropsychol ogical measures and drug use patterns at baseline were
compared to those using minimally structured short natural speech samples relating the positive
consequences of abstinence and the negative consegquences of using drugs, showing a differential
prediction of outcomes measured up to one year later. At three and six months, the former outperformed
speech models, including approximately 50% of the variability in craving and 40% in abstinence duration.
At 12 months from baseline, speech models were superior, predicting 50% of the variability in abstinence

duration.

M eaning: Speech variables derived through natural language processing can predict clinically
meaningful drug use outcome measures in addiction, with greater value at longer intervals. The
applicability of language modeling to aid in assessing treatment response and risk in drug addiction

warrants further investigation in clinical settings.
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Abstract

Importance: Valid biomarkers that can predict longitudinal clinical outcomes at low cost are aholy grail
in psychiatric research, promising to ultimately be used to optimize and tailor intervention and prevention

efforts.

Objective: To determineif baseline linguistic markersin natural speech, as compared to non-speech
clinical and demographic measures, can predict drug use severity measures at future sessionsin initialy

abstinent individuals with cocaine use disorder (iCUD).

Design: A longitudinal cohort study (August 2017 — March 2020), where baseline measures were used to

predict outcomes collected at three-month intervals for up to one year of follow-up.

Participants: Eighty-eight initially abstinent iCUD were studied at baseline; 57 (46 male, age 50.7+/-7.9

years) came back for at |east another session.

Main Outcomes and M easur es: Outcomes were self-reported symptoms of withdrawal, craving,
abstinence duration and frequency of cocaine usein the past 90 days at each study session. The predictors
were derived from 5-min recordings of vocal descriptions of the positive consequences of abstinence and
the negative consequences of using cocaine; the baseline cocaine and other common drug use measures,

demographic and neuropsychological variables were used for comparison.

Results:
Models using the non-speech variables showed the best predictive performance at three(r>0.45, P<2x10?)
and six months follow-up (r>0.37, P<3x10?). At 12 months, the natural language processing-based model

showed significant correlations with withdrawal (r=0.43, P=3x10?), craving (r=0.72, P=5x10"°), days of
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abstinence (r=0.76, P=1x10"), and cocaine usein the past 90 days (r=0.61, P=2x107), significantly

outperforming the other models for abstinence prediction.

Conclusions and Relevance: At short timeintervals, maximal predictive power was obtained with
models that used baseline drug use (in addition to demographic and neuropsychological) measures,
potentially reflecting a slow rate of change in these measures, which could be estimated by linear
functions. In contrast, short speech samples predicted longer-term changes in drug use, implying deeper
penetrance by potentially capturing non-linear dynamics over longer intervals. Results suggest that,
compared to the common outcome measures used in clinical trials, speech-based measures could be
leveraged as better predictors of longitudinal drug use outcomesin initially abstinent iCUD, as potentially

generalizable to other substance use disorders and related comorbidity.
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I ntroduction

Identifying predictive markers of short and long-term outcomesin psychiatric populationsis of foremost
importance for treatment planning and prevention. In particular, accurate longitudinal outcome prediction
can effectively inform resource distribution and treatment strategies, enriching and optimizing clinical
trials. Maximizing the predictive efficacy of clinically informative measures necessitates dense sampling
in diverse populations *. Recruiting numerous cognitive and emotional neurobiol ogical processes,
language represents a dense and ubiquitous, yet underutilized, resource for accessing unique markers with
potential predictive value for numerous clinical outcomes in human psychopathology. In substance use
disorders (SUD), interventions to guide recovery commonly employ language-based strategies (e.g.,
recounting one's own story, providing concrete guidance to others, in group settings such as Alcoholics
Anonymous/Narcotics Anonymous meetings); |ab-developed emotional regulation techniques (e.g., with
reappraisal of drug cues or savoring of alternative reinforcing cues) similarly rely on the story peopletell
themselves when processing a salient cue >°. Spoken and written language is also central to clinical
evaluations of SUD, which intend to ascertain, using self-report, the amount, frequency, and severity of
drug use, encompassing symptoms such as craving and withdrawal, and more general attitudes towards
one' swell-being and quality of life. Moreover, drug-biased language has been shown to provide a
window into brain function in people with SUD * potentially serving as a proxy of immediate and life-
long learning, areadily accessible behavioral marker of neural plasticity. Therefore, applications of
natural language processing (NLP) could hold a considerable potentia for enhancing the arsenal of

objective behavioral markers for outcome prediction in clinical trials for SUD °.

In SUD research and considering the ongoing opioid crisis, unsurprisingly NLP methods have most

commonly used electronic health records to detect and predict problematic substance use, dependence,
and treatment outcomes including relapse, in both adult ®° and pediatric populations °. In cocaine use,
NLP was similarly applied to medical/health records and/or clinicians’ notes to identify SUD and guide

treatment ™ and to accurately classify overdose deaths *°. Another relevant application is the use of
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social media data (e.g., Facebook, Reddit) to predict SUD *® and characterize language features (e.g.,
emotional word use) unique to substance use cessation and abstinence *’. More closely aligned to the
goas of the current study, NLP-based topic modeling of healthy participants written narratives of their
experience (quitting or reducing use of recreational drugs following use of a psychedelic drug) predicted
long-term substance consumption with approxi mately 65% accuracy *°. Here for the first time, we explore
the use of similar NLP techniques of natural speech to longitudinally predict drug use outcomesin

individuals diagnosed with SUD.

Clinical trialsin SUD typically consider the complete absence, or a continual reduction, of drug use as
their primary outcome measures. However, the early stages of recovery are often characterized by
nonlinear/dynamic patterns of drug use and cue reactivity, the latter characterized by initial increases
followed by decreases as a function of time into abstinence *°. In identifying effective outcome predictors,
it is therefore important to consider the potentia distinctionsin the trajectories of short and long-term

2021 impulsivity %, and

recovery. Psychometric and behavioral measures including goal -directed thinking
behavioral flexibility ** have previously demonstrated predictive efficacy in individuals receiving
treatment for SUD; compared to traditional clinical and demographic variables, these cognitive measures

24-26

are better predictors of future drug use and treatment retention at both shorter (<six months) and

2128 intervals, supporting further investigation of such brain function measures.

longer (>six months)
Because natural speech is both scalable and amenable to data collection outside the laboratory (e.g., in
clinical and home settings), NLPs using these data may offer specific advantages over other laboratory-

based behavioral measuresin SUD outcome prediction.

We previously applied NLP and acoustic analysis of natural speech to detect concurrent drug usein
healthy individuals and iCUD ?*%®. Here for the first time we used BERT *, adeep learning model for
language processing, previously applied primarily to detect SUD from social media *, to analyze short
speech samples recorded from well-phenotyped initially abstinent iCUD to predict withdrawal, craving,

abstinence duration, and 90-day cocaine use at 3, 6, 9, and 12 months after baseline. Specifically, using
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BERT sentence embeddings, we computed the similarity between the speech samples and inventories
(selected based on clinical knowledge) probing individuals' severity of dependence, cocaine craving,
quality of life, and current emotional state. These similarity scores were used in regression models for
outcome prediction, eval uated alongside separate models that contained baseline clinical (including the
same to-be-predicted drug use measures), demographic, and neuropsychological information (i.e., non-

NLP measures commonly used for prediction purposes), for direct comparisons.

M ethods

Participants

This study was approved by the Institutional Review Board of the Icahn School of Medicine at Mount
Sinai, and all participants provided written informed consent. A total of 88 iCUD, initially abstinent as
verified by urine testing at the baseline session, were recruited (baseline abstinence durations ranged from
4 to 242 days) using posted flyers, newspaper and other (e.g., Craigslist) ads (including those posted
around SUD treatment/rehabilitation facilities), and by word of mouth. Participants came back every three
months for one year. In all sessions, measures were acquired for the four dependent outcome variables of
interest: 1) withdrawal symptoms in the past 24 hours using the Cocaine Selective Severity Assessment
(CSSA) *: 2) craving symptoms with the 5-item Cocaine Craving Questionnaire (CCQ) (Tiffany et al.,
1993); 3) duration of current abstinence in days; and 4) days of cocaine use in the past 90 days using the
Timeline Followback interview **. At each session, we also recorded participants speech about the
positive consequences (PC) of abstinence and the negative consequences (NC) of using cocaine, 5
minutes each. See supplemental material for further details on the clinical diagnostic interviews/tools and
the speech samples (including verbatim instructions). Participants who completed two or more sessions
were included in the analysis (N=57: 46 male, 11 female). Descriptive statistics for all variables collected

at baseline are presented in Table 1.
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Analytical Approach

Recordings were automatically transcribed using a customized version of the Speech to text IBM APl *.
Sentences were identified using NLTK sentence tokenizer and were embedded using RoBERTa *".
Similarity scores were computed between these sentences and sentences from three different inventories
asshown in Figure 1. Specifically, we selected three sets of statements for which we also computed
sentence embeddings: 1) “cocaine-related” set included al five items from the Severity of Dependence
Scale (SDS) *¥, al 10 items from the CCQ-brief (**, different than the one administered during the
sessions), and eight items a priori determined to assess drug craving under different emotional contexts
(e.g., “'l want to use cocaine when | feel anxious’); 2) “emotion-related” set included the 40 items of the
State-Trait Anxiety Inventory (STAI) *, which evaluates responses to stressful situationsin addition to

overall emotional state; and 3) “quality of life” set using the World Health Organization Quality of Life

assessment (WHOQOL) .

Two predictive models did not include NLP data: 1) Non-NLP model 1, which used the baseline
demographic, neuropsychological and non-cocaine drug use measures (see Table 1); and 2) Non-NLP
model 2, which used all featuresin Model 1 in addition to the four cocaine use metrics obtained at
baseline (seelast cluster of variablesin Table 1), which also served as our dependent measures (i.e., those
obtained at all follow-up sessions). Features derived from the speech variables were entered into NLP

model 3. All models were computed independently for the PC and NC prompts.

Since we were interested in predicting future outcomes, only the baseline visit information was used to
predict the four dependent measures obtained during each of the subsequent visits at 3 (N=50
participants), 6 (N=36 participants), 9 (N=35 participants), and 12 (N=25 participants) months after

baseline across all non-missing subjects.

In all models, feature selection was determined based on rankingsin the training set (p>0.1 using a t-test).
Given the different scales of the features, two regression algorithms (support vector regression and linear

regression) were used to achieve the highest performance (as measured by Spearman correl ation
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coefficients). All generated models were validated using a 10-fold cross-validation. We compared model
performance with respect to the null hypothesis (HO: r=0) using at-test and a Fisher’stest (see
supplemental material for further detail). Additionally, to compare our long term results with the previous
relevant study *®, we binarized the abstinence days outcome measure using 30 days as our threshold (44%

participants were |abel ed abstinent).

Results

M odel Perfor mance

At the three and six month visits, the non-NLP Model 2 (based on all but the speech features, see Table 1)
showed the best performance (r>0.45 and r>0.37, respectively), outperforming the NLP Model 3 for
craving prediction at three (P=4x10") and six (P =2x10%) months (the highest weighted feature was
craving at baseline) with asimilar result for abstinence length at the three months' time point (P =2x10%
the predictive feature was abstinence length at baseline). At nine months, all the models performed
similarly except for the non-NLP Modd 2, which better predicted days of abstinence but not statistically
significant with respect to the other models (Fisher’s test P =1x10™). At 12 months and across the PC and
NC prompts, the NLP Model 3 predicted all four dependent variables: withdrawal (r=0.43, P =3x107),
craving (r=0.72, P =5x10°), days of abstinence (r=0.76, P =1x10°), and cocaine use in the past 90 days
(r=0.61, P =2x10®), accounting for almost 50% of the variance in drug use behaviors one year later (for
craving and abstinence days) (Figure 2), performing better than the other models (by Fisher’' s test) for
abstinence length. For predicting this measure (based on its binarization at 12 months to > or =<30 days)
and using NLP maodel 3, we achieved AUC of 0.92 (Accuracy = 0.84). Of note, the best predictive models
for symptoms of withdrawal and craving were based on the PC prompt, whereas the best predictive
models for recent drug use patterns (days of abstinence and drug use in the previous 90 days) were based
on the NC prompt. Additional results using models focusing on the cocaine-related inventory set or

combination of NC and PC features are described in the supplement.
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Feature Weights

Here we report the weights assigned by the best performing NLP-based models at 12 months (linear
regression models showed better performance than the support vector regression models except for
withdrawal). The highest weights for withdrawal (from the PC speech) were dominated by the similarity
to“l am happy” (predicting less withdrawal) and “1 do not love myself” (predicting more withdrawal)
(Figure 3a). Weights for craving (also from the PC speech) were dominated by “1 do not love myself” and
other items related to self-image (“| have support from my friends” and “1 want a better life”), all
predicting more craving (Figure 3b). For days of abstinence, the highest weights (from the NC speech)
werefor “| am tense”, predicting fewer days of abstinence; conversely, similarity to “I am not ableto
concentrate” predicted more days of abstinence (Figure 4a). Finally, the only significant weight for
predicting more frequent use in the past 90 days was similarity to “| have enough money to meet my

needs’ (from the NC speech) (Figure 4b).

Discussion

In thislongitudinal study, we explored the potential of baseline linguistic markers, as compared to
common demographic, neuropsychological and drug use measures, to prospectively predict drug use and
addiction symptomatology at three-month intervals for up to one year in initially abstinent iCUD. Our
results demonstrated differential predictive outcomes for the NLP-based models as directly compared to
non-NLP models as a function of time. Specifically, for predicting outcomes at three and six-months
timepoints, the comprehensive non-NLP Model 2, consisting of al measures collected at baseline
(including the to be predicted drug use measures), outperformed the NLP Model (and the non-NLP Model
1, consisting of only the demographic and neuropsychol ogical measures), suggesting a degree of
continuity over time of drug use patterns and symptoms (especially of craving and abstinence length) with

respect to their values at the baseline visit. Importantly, the NLP Model, consisting of speech about
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personal experiences with cocaine use and abstinence, outperformed the non-NLP models at predicting
the 12 months outcomes. Symptoms of withdrawal and craving at 12 months were best predicted by the
PC speech, whereas abstinence duration and cocaine use frequency in the previous 90 days were best
predicted by the NC speech. For craving and abstinence, these NLP models predicted almost half of the

variance one year after baseline, achieving classification rates of 84% for the latter.

Cognitive and behavioral impairments, including in inhibitory control/impulsivity, salience attribution,
memory, and decision making, have been consistently and reliably documented in individuals with
SUD**. A growing body of evidence suggests that, when compared to standard clinical interviews and
other tools, effective measures of these domains, using validated behavioral tasks and neuroimaging, can
provide highly sensitive predictors of future drug use patterns in people with SUD **. In search of such
predictors, laboratory-based well-controlled tasks are usually chosen as they are perceived to offer precise
and specific insights into drug addiction and recovery mechanisms. However, given these tasks
limitations (e.g., in sampling from representative and large populations, questionable replicability and
generalizability to naturalistic behaviors), here we chose speech and NLP techniques that can quantify
complex contextual features of language not immediately apparent to human observers *. For the first
time, we demonstrate that, used with sophisticated anaysis tools, language can predict longitudinal drug
use outcomes in people with SUD initially abstaining from cocaine. Given the ubiquity of language, our
NLP results represent an important step towards fine-tuning the use of language and spontaneous speech
in both basic and clinical studies, with applications to devel oping targeted prevention and treatment

efforts, in drug addiction.

Our results suggest that linguistic features can better predict long-term outcomes, whereas other, non-
NLP, variables may be better suited for shorter-term predictions. The predictive value of these non-NLP
variables at shorter timepoints may derive from their stable and/or slowly evolving dynamic of change,
best captured over limited durations (i.e., drug use patterns encompassing abstinence and symptoms such

as craving are likely to be more similar at three-month intervals than after 12 months). In contrast,
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consistent with the representation of language in higher-order/more abstract thought processes such as
cognitive reappraisal *® that develop during prolonged abstinence and recovery */, features of speech at
baseline may capture individual variability that can better predict outcomes at longer intervals. It remains
to be established whether, and how, this observation maps onto the nonlinear patterns of change with
abstinence in certain cognitive/motivational and behavioral processes encompassing the incubation of
craving effect, whereby following a period of withdrawal, cue-induced drug seeking progressively
increases before beginning to decline **°: asimilar effect has been suggested for inhibitory control®* as

potentially generalizable to other higher-order cognitive functions. A study in inpatients with SUD, where

abstinence is maintained as ascertained longitudinally, is needed to answer these questions.

Interestingly, the most significant features for the 12-month prediction were derived from speech
similarity to the quality-of-life assessments, and not to the cocaine-related inventories. This observation
supports the use of the abstract embeddings in NLP analyses, further encouraging reliance on non-direct
drug use measures as primary predictors and/or dependent measuresin clinical trialsin SUD °. Our
findings also suggest differential effects of language modeling on outcome prediction depending on the
context (positive or negative) of speech. In our study, speech that related the positive effects of abstaining
from drugs (PC speech) predicted craving and withdrawal. Specifically, similarity to statements such as*“|
am happy” was associated with less withdrawal, whereas similarity to statements such as“I do not love
myself” was associated with more withdrawal. For craving, some of the results were unexpected (e.g.,
similarity to the latter statement was the most predictive of higher craving scores, which were also
predicted by similarity to statements such as“ | have support from my friends’ and “| want a better life"),
as remains to be further explored vis-a-vis impairments in self-awareness/insight into the severity of one's

illness >

. Speech that related the negative consequences of using drugs (NC speech) predicted
abstinence duration and cocaine use in the past 90 days. Specifically, similarity to statements such as*“|
am tense” or “not able to concentrate” was associated with shorter and longer abstinence duration,

respectively, suggesting a relationship between poor emotional/cognitive function with recent drug use.


https://doi.org/10.1101/2023.07.18.549548
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.07.18.549548; this version posted July 19, 2023. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Finally, similarity to the statement “| have enough money to meet my needs’ was associated with more
frequent use in the past 90 days, which could reflect economics of SUD in the wild (e.g., greater access to
drugs when one' sfinancia situation is stable). Overall, our results suggest specificity of the context of
these statements in predicting disparate drug use outcomes, implying the use of positive self-talk (e.g.,
envisioning one’ s future in a more positive way or enhancing one' s self-image and/or perceived cognitive
function) in reductions in withdrawal symptoms (and potentially also reduced craving and longer

abstinence) 12 months later.

There are afew limitations of this study that are important to address. First, the relatively small size of
our sample could have precluded the emergence of important predictive features, clearly necessitating
replication in alarger sample. In arelated vein, subject attrition at each successive time point may have
limited our ability to observe effects at the longer time intervals and may have inflated our classification
accuracy rates. Second, the NLP analysis was limited to data collected at a single basdline time point;
changes in speech during abstinence may reveal further insights into the recovery process, which warrant
an in-depth independent investigation; the contribution of the acoustic features to results also remains to
be explored. Third, it isimportant to consider that speech relating to one’ s lived experiences may be
especially sensitive to demographic factors such as age, race, sex, education, and socioeconomic status,
factors that could also modulate relapse susceptibility (e.g., it is enhanced by the male gender and not

participating in follow-up SUD treatment *°).

Our sample consisted of >80% men and African American
individuals mostly between 40 and 60 years of age living in the New Y ork City metropolitan area,
potentially reducing sensitivity (encompassing the limited performance of the non-NLP Model 1), and

limiting generalizability of our results to different/more diverse populations.

One of the biggest impediments for precisely modeling human addiction recovery across timeisthe lack
of dense and longitudinal measurements of individuals with SUD, especially during the first year from an
abstinent baseline, the time of most drastic changes in drug use. A complex brain function, speech

conveys people’ s emotions, thoughts, and perceptions. It is an ecologically valid outcome measure people
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use daily, for the duration of the day. Indeed, speech is as natural as some of the most basic of human
bodily functions. We report that NLP of minimally-constrained short and spontaneous speech samples
obtained at an initialy abstaining baseline from iCUD can be used to predict repeatedly sampled
outcomes, encompassing withdrawal, craving, days of abstinence and cocaine use, with best predictions
for outcomes assessed afull year later. The ability to predict outcomes is essential for the ultimate
tailoring of addiction treatment programs to individuals' specific needs, to enhance relapse prevention
strategies and improve the overall effectiveness of substance abuse interventions. By leveraging
language-based predictive models of contextualized speech, that could be obtained at scale (e.g., with
mobile devices at rehabilitation centers), healthcare providers could optimize care, reduce the risk of

relapse, and support individuals on their own path to recovery.
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Tables

Table 1. Demographics, neuropsychological and drug use variables assessed at the baseline visit.

Category

Demographics

Neuropsychology

Cocaine, alcohol
and cigarette use

Cocaine use metrics
at baseline
(dependent

variables)

Sex

Age (years)

Education (years)

Race

Verbal 1Q

Non-verbal 1Q

Depression (BDI?)
Cigarette smokers

SMAST® (alcohol use)
Cocaine administration
Cocaine age of onset (years)
Cocaine regular use (years)
SDS° Dependence severity
Withdrawal (CSSAY)
Cocaine craving

Days of abstinence
Cocaine 90 days

Values®
46 males/11 females
50.66 +/- 7.86
12.18 +/- 2.59

White: 4, Black: 48, Other: 5
95.75+/-11.92

9.84 +/- 3.19

9.4 +/-7.99

Never: 7, past: 8, current: 32, unknown: 10
4.43 +/- 2.33

12 Oral, 44 smoking, 1 injection
23.4 +/-7.7

17.9+/-9.4

10.42 +/-3.55

18.75+/-12.97

14.34 +/-11.3

48.4 +/- 49.42

13.18 +/- 15.82

*BDI refersto Beck’s depression index,

®PSMAST to Short Michigan Alcohol Screening Test,

“SDSto Severity of Dependence Scale,

4CSSA to Cocaine Selective Severity Assessment

*Valuesin the table are represented as means +/- standard deviation values.
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Figurelegends

Figure 1. Approach used in this study to analyze recordings of individuals with cocaine use
disorders to prospectively predict cocaine-related outcomes at 3, 6, 9, and 12 months follow-up.
Under predictive models, model 1 also includes drug use variables listed in the cocaine, acohol and
cigarette use section in Table 1; model 2 in addition includes all dependent measures obtained at baseline

(including the four last variablesin Table 1). STAI refersto the State-Trait Anxiety Inventory.

Figure 2: Prediction of longitudinal outcomes in individuals with cocaine use disorder. Tables at the
left show the performance of the models that include baseline demographic, neuropsychological and drug
use measures (non-NLP Modd 1), in addition to the dependent/to be predicted measures obtained at
baseline (non-NLP Mode 2) and NLP models for positive consequences of abstinence (PC) and negative
consequences of drug use (NC) for predicting four selected drug use measures (withdrawal, craving,
abstinence days, and cocaine use in the last 90 days) at subsequent visits: 3 (N=50), 6 (N=36), 9 (N=35)
and 12 (N=25) months after baseline. Symbols next to the values indicate that the moded is statistically
significant with regard to the null hypothesis (*) and when comparing between non-NLP and NLP models
(". Plots on the right show a different representation of the tables (non-NLP Model 1 = an orange dashed
line; non-NLP Model 2= a green dotted line; NLP models (the best of the NC or PC prompts) = a blue

solid line).

Figure 3: Predictive features of the first visit interview for: (a) withdrawal in the fifth visit (12
months), (b) craving in the fifth visit (12 months). Larger positive weights predict more withdrawal

symptoms and craving. Both models are based on the PC section of the interviews.

Figure 4. Predictive features of the first visit interview for: (a) days of abstinence in the fifth visit

(12 months), (b) the previous 90 days of cocaine use in the fifth visit (12 months). Larger positive
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weights predict days of abstinence and more days of cocaine use. Both models are based on the NC

section of the interviews.
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Figures
Figure 1. Approach used in this study to analyze recordings of individuals with cocaine use

disor dersto prospectively predict cocaine-related outcomesat 3, 6, 9, and 12 months follow-up.
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Figure 2: Prediction of longitudinal outcomesin individuals with cocaine use disorder.
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Figure 3: Predictive features of the first visit interview for: (a) withdrawal in the fifth visit (12
months), (b) craving in thefifth visit (12 months).
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I want a better life
(Qol)

I accept my body
appearance (QolL)

| have support from
my friends (Qol)

I do not love myself
(QolL)

MEAN NORMALIZED WEIGHTS

-0.4 0 0.4

o

4

Less withdrawal

MEAN NORMALIZED WEIGHTS

0.2 0.4

More cravings

More withdrawal

SENTENCES WITH HIGH SIMILARITY TO
INVENTORY SENTENCES

Lower withdrawal: “when you rest your mind.”, “instantly | felt relief.”,
“I feel a lot better., “and it's a great it's a great feeling.”

Higher withdrawal: “and then if available | feit bad about myself”, “yes
I was not as good no”, “I wasn't kind of fine | was young.”

Lower withdrawal: “and it's a great it's a great feeling.”, “I was the |
was just being altogether happier person”, “would be so very happy.,
“but | feel good | feel pretty good about myself”, “it would be happy
and surely is.”

Higher withdrawal: “and then if available | felt bad about myself”, “so
but then they don't stay with me because I'm a pain I'm a nuisance”, "1
respect myself more than what I'm doing now you know"

Lower withdrawal: “and I'm always happy to”, “you know I'm very

good”, “and that's a positive asset aspect for me”

I

From positive consequences of being abstinent

SENTENCES WITH HIGH SIMILARITY TO
INVENTORY SENTENCES

More cravings: “doesn't bode well with me in terms of females”,
“recent relationships don't have right now”, “I would have some better
relationships because nobody wants to see their loved ones high”

Moare cravings: “makes me want to do more positive things”, “I can
have a better outlook”, “just life overall in general will be much better
than it is now”, “you know | plan to come much more optimistic and
looking forward to the future”

More cravings: “I have enough”, “that's my normal weight yeah |
know”, “you know [ look full; | do everything good™

More cravings: “I have a very good relationship with my family”, “all my
boyfriend's support me”, “I love the people”, “people like me”.

Moare cravings: “and then if available | feilt bad about myself”, “so but
then they don't stay with me because I'm a pain I'm a nuisance”, |
respect myself more than what I'm doing now you know”
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T

From positive consequences of being abstinent
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Figure 4: Predictive features of the first visit interview for: (a) days of abstinence in the fifth visit
(12 months), (b) the previous 90 days of cocaine usein thefifth visit (12 months).

(a)
MEAN NORMALIZED WEIGHTS SENTENCES WITH HIGH SIMILARITY TO

INVENTORY
INVENTORY SENTENCES

SENTENCES

-0.5 0.5

Less abstinent: “you know [ couldn't do a lot of other things
now”, “however she don't have a way to contact me”, “a lot

The information | need in my
of time she has no idea where | am”

life is not available (QOL)

0
I do not have enough money .

to meet my needs (QOL)

Less abstinent: “tension on the ground right now .”, “and I'll
I am tense {STA,‘ ) get paranoid and in.”, “like | say it's hard.”

More abstinent: “I don't understand this you know”, “you know

1 feel inadequate 1 had some stumbles”, “I'm not you know | totally lost
(STAI) everything”, "I don't | don't take care of myself”

b More abstinent: “because I'm not able to function.”, “it
'am not able to doesn't make any sense none of it does”, “you know for
concentrate (STAI) certain opportunities | just can't perform”

More c.!ays of Less days of From negative consequences of cocaine use
abstinence abstinence

Less abstinent: “so nonfinancial | don't have money.”, “no
money.”, “certainly negatively affected files finances on as F.
off almost depleted my savings account.”

(b)
INVENTORY MEAN NORMALIZED WEIGHTS SENTENCES WITH HIGH SIMILARITY TO
SENTENCES 0 1.0 INVENTORY SENTENCES

More cocaine use: “he's been up all the money that | have”,
I have enough money to “enabled me by providing me with money and cash and a
meet my needs (Qol) roof over my head”, “you know | work very hard for the
money that | make, and | make a fairly decent amount of”
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More days of cocaine use From negative consequences of cocaine use
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