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Abstract

Background: Patients with substance use disorders (SUDs) are at increased risk for symptom deterioration following treatment,
with up to 60% resuming substance use within the first year posttreatment. Substance use craving together with cognitive and
mental health variables play important roles in the understanding of the trajectories from abstinence to substance use.

Objective: This prospective observational feasibility study aims to improve our understanding of specific profiles of variables
explaining SUD symptom deterioration, in particular, how individual variability in mental health, cognitive functioning, and
smartphone use is associated with craving and substance use in a young adult clinical population.

Methods: In this pilot study, 26 patients with SUDs were included at about 2 weeks prior to discharge from inpatient SUD
treatment from 3 different treatment facilities in Norway. Patients underwent baseline neuropsychological and mental health
assessments; they were equipped with smartwatches and they downloaded an app for mobile sensor data collection in their
smartphones. Every 2 days for up to 8 weeks, the patients were administered mobile ecological momentary assessments (EMAs)
to evaluate substance use, craving, mental health, cognition, and a mobile Go/NoGo performance task. Repeated EMAs as well
as the smartphone’s battery use data were averaged across all days per individual and used as candidate input variables together
with the baseline measures in models of craving intensity and the occurrence of any substance use episodes.

Results: A total of 455 momentary assessments were completed out of a potential maximum of 728 assessments. Using EMA
and baseline data as candidate input variables and craving and substance use as responses, model selection identified mean craving
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intensity as the most important predictor of having one or more substance use episodes and with variabilities in self-reported
impulsivity, mental health, and battery use as significant explanatory variables of craving intensity.

Conclusions: This prospective observational feasibility study adds novelty by collecting high-intensity data for a considerable
period of time, including mental health data, mobile cognitive assessments, and mobile sensor data. Our study also contributes
to our knowledge about a clinical population with the most severe SUD presentations in a vulnerable period during and after
discharge from inpatient treatment. We confirmed the importance of variability in cognitive function and mood in explaining
variability in craving and that smartphone usage may possibly add to this understanding. Further, we found that craving intensity
is an important explanatory variable in understanding substance use episodes.

(JMIR Form Res 2023;7:e45254) doi: 10.2196/45254
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Introduction

Patients with substance use disorders (SUDs) are at increased
risk for symptom deterioration after periods of protracted
abstinence or decreased consumption. Symptom deterioration
includes increased craving, mental health, and somatic health
problems. Resumed or increased substance use after treatment
initiation occurs in as many as 60% of the patients in the year
following treatment [1]. This change in substance use behavior
is typically also associated with craving. Definitions of craving
have some heterogeneity across time and publications [2].
Nevertheless, a common denominator is generally agreed to be
varying degrees of a subjective desire to use psychoactive
substances [3]. The relationship between substance use craving
and use is complex [3] and probably presents differently in
various stages of rehabilitation and abstinence [4].

Cognitive factors play an important role with respect to both
craving and substance use behaviors. These factors play a central
role in the understanding of the baseline probability of initiating
substance use, later development of use patterns, clinical course,
prognosis, and ultimately, treatment response and
discontinuation [5]. Recent studies also indicate that cognitive
functioning has significant variability within patients over time
[6]. However, there is conflicting evidence as to whether
cognitive functioning moderates the relationship between
craving and substance use or is a predictor of either one in itself
[7,8]. What is clear is that cognitive dysfunctions impact
decision-making processes underlying substance use behaviors
[9]. Hence, a better understanding of how state and trait
cognitive functioning and mental health are associated with
real-life substance use craving and use may help inform
treatment and risk management, possibly creating a pathway to
more personalized treatment options in patients with SUD [10].

There are considerable differences in how mental health,
cognition, and substance use symptoms have been measured
and operationalized in prospective studies of clinical populations
with SUD. The most common involves using a comprehensive
baseline measure to predict later relapse [11]. More recent
studies have leveraged brief high-frequency ecological
momentary assessment (EMA) data, which capture individual
within-day changes [12], while many studies use a combination
of these. When it comes to the assessment of cognitive functions
especially, the traditional comprehensive laboratory-based

neuropsychological testing procedures are being supplemented
with inventory-based assessments [13] and ambulatory
assessments using performance-based testing on smartphones
[14,15]. Such ambulatory approaches have been successfully
tested to improve the ecological validity and the understanding
of the dynamics of cognitive processes in normal populations
[16], psychiatric populations [15,17], and populations with
SUDs [14]. Although sometimes used interchangeably,
performance-based neuropsychological tasks and self-report of
the same are probably complementary sources of information
rather than overlapping measures of the same construct [18].

To optimize assessments of behavioral, mental, and cognitive
states both in and out of the laboratory, work has gone into
developing unobtrusive ways of collecting data [19] by using
mobile sensing. It entails the real-time collection of data from
a range of mobile and wearable sensors typically found in
smartwatches and phones and investigating how they relate to
various mental, cognitive, and health variables [16]. As for
mental health variables, mobility, activity, and phone use have
proved helpful in predicting the level of symptomatology
[20,21]. In the more specific case of substance use research,
mobile sensing has also been used successfully to detect actual
intoxication [22]. However, this approach has been used less
to study the associated clinical features and courses of craving,
mental health, and cognition. Mobile sensing data are most often
used in conjunction with some level of self-report in the form
of EMA [22] and have enabled a new focus on analyzing the
role of intraindividual variability in individuals with SUD
symptoms. It should be noted that current research in this field
has mainly been performed on community samples and has
only, to a limited extent, been carried out with patients with
more severe presentations of SUDs, leaving a void in the
literature.

The main aim of this feasibility study was to investigate how
individual variability in mental health, cognitive functioning,
and smartphone use is associated with craving and substance
use in an inpatient clinical population of young adults with
SUDs in Norway. We aimed to analyze both baseline and EMAs
of cognitive functioning and mental health self-reports to
understand the ability of baseline and repeated measures data
to explain the variability in craving and presence of substance
use episodes.
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Methods

Study Participants

Inclusion and Exclusion Criteria
Patients were included from 3 participating specialized substance
use treatment institutions. The institutions differ in duration and
urgency of admittance to treatment, ranging from acute
detoxification to planned up to 12-month-long therapeutic
community treatment. To be eligible for inclusion, the patients
had to be admitted for at least 4 weeks, aged between 18 and
30 years at the time of inclusion, and able to communicate in a
Scandinavian language. Acute suicidality and ongoing psychosis
were the exclusion criteria.

Procedure
Local staff identified patients based on the inclusion and
exclusion criteria and asked if they would be open to
participation. They were then approached for informed consent
and later inclusion assessments by the first author, a consultant
psychologist with a specialty in addiction psychology, about 2
weeks prior to planned discharge. Immediately after informed
consent was obtained, the patients went through baseline
assessments and were equipped with a study smartwatch
(Withings Move ECG), and they downloaded and started data
collection with the Monsenso app [23]. No recharge of the
smartwatches was required during the study period. Every 2
days, the patients received an SMS text message from an
automated messaging service with an individual link to an EMA.
The data from the phone and smartwatch were followed up daily
by the first author who contacted the participants by phone to
ensure compliance if data were not registered for 2 days. After
8 weeks, the first author met with the participants to check out
from the study. Patients were compensated with 100 NOK
(approximately US $10) per completed EMA for up to 28
sessions and were allowed to keep the smartwatch as an
additional remuneration for their participation.

Measurements

Baseline Assessments

Conners Continuous Performance Test-Third Edition

The Conners Continuous Performance Test-third edition
(CPT-3) is a computer-based Go/NoGo assessment of state
attention that measures aspects of inattention, impulsivity, and
vigilance [24]. Previously, the CPT-2, which is very similar to
the CPT-3, had demonstrated adequate internal consistency for
commission errors (α=.90) and response time (α=.96) and is a
valid state level measure of sustained attention and response
inhibition [25].

Wechsler Abbreviated Scale of Intelligence

The Norwegian translation of the Wechsler Abbreviated Scale
of Intelligence (WASI) was used to assess general intellectual
abilities at baseline. This test contains 4 subtests and gives
reliable estimates of both full-scale verbal and performance IQ,
within less than 1 SD from the more elaborate WAIS-III
(Wechsler Adult Intelligence Scale-third edition) estimates [26].

UPPS-P (Urgency, Premeditation, Perseverance, Sensation
Seeking, and Positive Urgency) Scale

The Norwegian translation of the UPPS-P (urgency,
premeditation, perseverance, sensation seeking, and positive
urgency) short-form impulsive behavior scale is a 20-item
questionnaire assessing different aspects of trait impulsivity.
This form has previously been validated in populations with
SUDs and has demonstrated adequate internal consistency as
well as validity, with strong correlations and common factor
structure with the full-form UPPS-P [27]. We used the second
order factor of emotion-based rash action as a candidate
explanatory variable in our modelling. This factor has been
linked to substance use behavior in previous research [28].

Adult Attention-Deficit/Hyperactivity Disorder Self-Report
Scale Screener

The variables of adult attention-deficit/hyperactivity disorder
self-report scale-6 items (ASRS-6) screener were used as a
proxy measure of self-reported cognitive dysfunction. The
ASRS-6 has previously been validated in Norwegian and for
populations with SUDs [29,30]. The ASRS-6 contains 2
subscales with adequate test-retest reliability of a measure of
inattentiveness (ASRS inattentiveness, items 1-4, r=0.77) as
well as hyperactivity/impulsivity (ASRS
hyperactivity/impulsivity, items 5 and 6, r=0.70) [31]. We report
average scores per item (range 0-4).

HADS (Hospital Anxiety and Depression Scale)

The HADS (Hospital Anxiety and Depression Scale) consists
of 7 questions about depression and anxiety, with a range of
0-42 [32]. We did not employ any clinical cutoff scores in our
analyses. This instrument has previously been validated in the
Norwegian language, with adequate internal consistency, both
for the depression (α=.76) and anxiety (α=.80) subscales [33]
and has demonstrated adequate test-retest reliability [34]. We
used the total score as a candidate explanatory variable.

Web-Based EMAs
The patients were sent an SMS text message every 48 hours
with a link to a web-based EMA provided on the Memoro
platform. The EMA had to be answered within 24 hours. We
created variables for each patient with mean and standard
deviation for each item across EMA sessions. The following
items were part of the EMA.

Symptom Check List 5-Item Version

For repeated assessments of mental health distress, we used the
Hopkins Symptom Check List 5-item version (SCL-5) that was
administered every 48 hours. The psychometric validity of
SCL-5 has been demonstrated in Norwegian samples, with
acceptable internal consistency (α=.87) and external validity
with high correlations with more elaborate instruments (SCL-10
× SCL-5, r=0.91) [35,36].

Substance Use and Craving

Substance intake during the last 48 hours was assessed as a
self-reported binary variable (yes/no). A continuous visual
analog scale ranging from 0 to 100 was used to assess craving
in the last 48 hours. Single-item visual analog scales have
previously been found to provide acceptable validity [3].
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Complex Reaction Time

A complex reaction time (CRT) task was used to assess response
inhibition and reaction time at each session every 48 hours. This
test has a Go/NoGo paradigm consisting of 40 trials
(interstimulus interval 1000 ms, 2000 ms, 4000 ms; 20% NoGo
trials). Performance was measured as the number of valid
responses (Go), correct inhibition of response to nontargets
(correct-NoGo), omissions (failure to respond), and commissions
(failure to inhibit response), in addition to the simple reaction
time across all 40 trials (CRT-all reaction times) and standard
deviation in reaction time across 40 trials (CRT-all standard
deviations in reaction times). We used reaction time and
commission errors as candidate explanatory variables. The
mobile version of this test remains to be validated, but it has
previously been validated in a tablet and PC format [37].

Impulsivity

At each EMA, patients were asked to rate their subjective
impulsivity on items 12 and 17 from the Barrat Impulsiveness
Scale (Norwegian version). These 2 items had the highest
loading on cognitive and behavioral factors in the widely
accepted 2-factor solution for the Barrat Impulsiveness Scale-11
in the Norwegian validation [38]. We calculated a composite
score as the average of these 2 on each occasion, with item 12
being inversely coded, and referred to this candidate explanatory
variable as impulsivity in this paper.

Mobile Sensing

The available smartphone and smartwatch usage and activity
sensors included smartphone use sensors, accelerometer, and
GPS. A full overview of the sensors and features is available
on request. We wanted to use easily available sensor features
to possibly allow for intuitive interpretations of results and
easier implementation on other sensing platforms. For this
feasibility study, to gain insights into the general phone usage
patterns of our participants, we used data from the battery sensor
to determine daily battery use (battery percentage points used
during a day) as a proxy of daily smartphone usage (eg, app
usage, communications) and created mean and standard
deviation of battery use across all sessions.

Statistical Analyses

Software
For all statistical analyses, the R statistical programming
software was used [39].

Data Preparation
Mobile sensing data were provided by Monsenso in various
epochs, triggered by activity and with a timestamp, enabling
mobile sensing data to be summarized into 2-day epochs. EMA
data were collected every second day for the whole study period
(up to day 56). For each patient, we aggregated the scores across
all available observations and created patient-wise mean (SD)

for each EMA variable. These variables were then used as
candidate explanatory variables for regression analyses. The
mean of craving intensity was also used as a response. We
further excluded all sessions directly preceded by substance use
(self-reported substance use in previous 2 days). Then, to permit
a cooldown period of up to 2 days, if the next session was not
preceded by substance use during its previous 2 days, it was
included again. This was to avoid data being directly influenced
by the acute effects of substance use. Two patients were
removed from modeling due to insufficient repeated data. One
item from the UPPS-P first order factor “lack of premeditation”
was missing in the Norwegian translation (item 19) for all
patients. We calculated this factor as the mean of the 3 other
items. This factor was, however, not part of the further analyses.
To choose candidate explanatory variables, we started by
studying the correlations between all repeated and baseline
explanatory variables. We then removed strongly correlated
variables within each measurement group (see sections 1 and
2 of the Multimedia Appendix 1 for details).

For missing data, we used mean imputation embedded in the
mice package [40], resulting in the replacement of 4 missing
data points at baseline and 1 for aggregated repeated measures.
To check the robustness of the results from the statistical
analysis of the mean imputed data, we also performed multiple
imputation, which gave similar results as the results to be
reported for the mean imputed data. The results from the
multiple imputation and the available number of repeated data
points per variable are available on request.

Descriptive Statistics
The median (IQR) across baseline, all sessions, and patients
were used to describe input and response variables in our data
set. Furthermore, the Wilcoxon rank-sum test was used to
compare 2 distributions and Pearson product-moment
correlations to investigate associations at the group level. For
repeated measures, we also used repeated measures correlations
between pairs of craving and the explanatory variables.

The scale function in R was used to normalize the data to
facilitate easy comparison of repeated measures data with
different scales. This function employs mean (SD) over the
entire data range (all sessions) for each individual, and the value
represents the number of standard deviations from the individual
mean. We then visualized the relationship between the repeated
measures input data and craving by using the ggplot-function
in the ggplot2 package in R [41] as shown in Figure 1 and
examined the repeated measures correlations for these
relationships by using the rmcorr function in R [42]. For all
further statistical analyses, the unscaled raw data were used.
We used the entire unimputed data set (N=26) for descriptive
statistics at baseline. For repeated measures data, we removed
97 sessions preceded by substance use.
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Figure 1. Daily display (x-axis) of craving intensity (red, y-axis) and the repeated measures (black, y-axis) later to be used as candidate explanatory
variables (aggregated versions) in the stepwise statistical model selection. For the repeated measures, the mean is calculated by study day and across
patients after repeated measures were centered and scaled for each patient. Repeated measures correlations between craving and the variable in question
are given together with the associated P value. These data exclude sessions preceded by substance use. crt_allRT: Complex reaction Time: Reaction
time; crt_commissions: Complex reaction Time: Commission errors; SCL5TOT: Symptom Check List 5-item version, total score.

Statistical Modeling
As responses, we used the mean craving (across all sessions)
for each patient and an indicator variable signifying if the patient
had at least one episode of substance use during the study
(referred to as substance use episodes). For the mean craving
response, we fitted a multiple linear regression, and for the
binary outcome of at least one substance use episode, we fitted
a logistic regression. We found the best model fit for craving
and binary substance use episodes by using automated stepwise
model selection with the step Akaike information criterion
function implemented in the MASS package in R [43]. A lower
relative Akaike information criterion indicates a better fit with
less complexity, and models with the lowest Akaike information
criterion were thus preferred. For final models, we estimated
the variation inflation factor to diagnose any remaining issues
with multicollinearity and suppression effects. P values were
calculated from the t distribution for the linear regression model
and by using the normal approximation for the logistic
regression models. The amount of variance explained by the

models was estimated by R2 and McFadden R2 for linear and
logistic regression models, respectively.

Ethics Approval
This study was conducted according to the declaration of
Helsinki and approved by the Regional Committee for Medical
and Health Research Ethics Southeast Norway (approval
269117) on October 1, 2021. Informed consent was obtained
from the participants upon the start of the data collection. Data
were collected and stored according to the appropriate national
and European legislation governing data privacy in research on
an encrypted secure server. This was preapproved by the
Regional Committee for Medical and Health Research Ethics
Southeast Norway.

Results

In this study, 26 patients (7 females, 27%) were included, and
they contributed to 455 (62.5% compliance) EMA sessions out
of a maximum possible of 728 assessments; this is slightly lower
than the average compliance in clinical populations with SUDs
[44]. We aimed to include the patients 14 days before their
planned discharge (mean 14.4 [SD 10.1] days, range 1-43 days).
Fourteen patients reported substance use preceding 97 EMA
reports (mean 6.92, range 0-17). Descriptive statistics and
between-group analyses for patients with and or without
substance use episodes of candidate explanatory variables are
shown in Table 1.

Table 1 summarizes all the candidate explanatory variables and
their descriptive properties. Patients with and without substance
use episodes did not present with different general ability (IQ)
levels (WASI scores). It should be noted that the span of IQ
scores was broad, including patients with borderline intellectual
disabilities. Patients with substance use episodes had
significantly more baseline commission errors on the CPT
(P=.048); they had a higher mean of repeated impulsivity scores
(P=.046). Further, patients with substance use episodes had a
higher mean of craving intensity (P=.004) than patients without
substance use episodes. Table 2 gives an outline of the substance
use patterns of the patients.

Figure 1 shows the covariability of craving intensity and the 5
repeated measures collected from the EMA. SCL-5 total score
had the only significant repeated measure correlation (r=0.489;
P<.001) with craving intensity. All fitted regression models are
summarized in Table 3.
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Table 1. Baseline group level descriptive statistics and between-group comparisons for patients with and without substance use episodes during the
study period for all candidate explanatory variables.

P valuePatients with no sub-
stance use episode(s)
(n=12), median (IQR)

Patients with substance
use episode(s) (n=14),
median (IQR)

Full sample (N=26),
median (IQR)

.6727.00 (4.45)25.57 (3.60)26.37 (4.18)Age (years)

Baseline measures

Wechsler Abbreviated Scale of Intelligence

.8889.00 (12.00)87.50 (12.00)89.00 (17.50)Full-scale IQ estimate

Conners Continuous Performance Test-third edition

.04859.00 (11.00)68.50 (13.75)64.00 (15.00)Commissions

.6248.00 (12.00)50.50 (11.50)49.00 (13.00)Reaction time consistency (SD of hit reaction time)

Adult Attention-Deficit/Hyperactivity Disorder Self-Report Scale screener

.072.13 (1.06)2.75 (1.25)2.50 (1.25)Factor 1: inattentiveness

.342.75 (0.88)3.00 (1.00)3.00 (1.00)Factor 2: hyperactivity/impulsivity

HADS (Hospital Anxiety and Depression Scale)

.9219.00 (5.25)17.50 (11.50)18.00 (9.75)Total

UPPS-P (urgency, premeditation, perseverance, sensation seeking, and positive urgency)

.872.71 (0.34)2.73 (0.34)2.71 (0.42)Emotion-Based Rash Action

Repeated measures

Complex reaction time (mean across sessions)

.77480.29 (12.84)483.80 (54.04)483.79 (77.82)Reaction time (ms)

>.996.00 (13.21)4.87 (2.49)4.93 (5.31)Commission errors

.0464.00 (1.264)5.16 (1.076)4.78 (1.58)Impulsivity mean

.609.59 (4.01)10.05 (4.40)9.63 (4.40)Symptom Check List 5-item version

.00422.00 (15.78)45.65 (25.42)33.88 (37.01)Craving (0-100)

.5462.18 (18.69)58.18 (49.30)62.18 (41.39)Mobile sensors: battery use (battery percentage points
used during a day, mean across sessions)

Table 2. Substance use patterns of the patients (N=26).

Secondary substance (n)Primary substance (n)Substance

65Alcohol

13Opiates

57Cannabinoids

83Sedatives, hypnotics

22Cocaine

75Stimulants other than cocaine

51Hallucinogens
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Table 3. Summary of the results from final regression models with craving intensity (linear regression) and substance use episodes (logistic regression)

as response.a

P valueR 2SEOdds ratio (95% CI)EstimateModel

Baseline models

N/Ab.254Response: Craving (mean)

.43N/A22.79N/A–18.56Intercept

.12N/A0.37N/A0.60CPTc reaction time consistency (SD of hit reaction time)

.08N/A5.46N/A9.99ASRSd inattentiveness

N/A.186Response: Substance use episodes (binary)

.08N/A0.040.01 (0.00-0.97)–4.98Intercept

.06N/A0.041.09 (1.004-1.20)0.08CPT commissions

Repeated measures models

N/A.680Response: Craving (mean)

.38N/A28.89N/A26.03Intercept

.003N/A1.13N/A3.98SCL-5e (mean)

.01N/A2.57N/A7.26Impulsivity (mean)

.04N/A0.10N/A–0.23Battery use (mean)

.09N/A0.05N/A–0.09CRTf all reaction times (mean)

.13N/A0.31N/A–0.50CRT commissions (mean)

N/A.366Response: Substance use episodes (binary)

.94N/A1.971.17 (0.02-76.57)0.15Intercept

.02N/A0.051.13 (1.04-1.30)0.12Craving (mean)

.17N/A0.310.65 (0.30-1.09)–0.43SCL-5 (mean)

aThe estimated regression coefficients are denoted as estimate, and estimated standard errors of the regression coefficient are denoted as SE. The R2

gives the proportion of explained variability for the linear regression and the McFadden R2 for the logistic regression model. The P value is for the test
wherein the regression coefficient is equal to 0.
bN/A: not applicable.
cCPT: Conners Continuous Performance Test.
dASRS: adult attention-deficit/hyperactivity disorder self-report scale.
eSCL-5: Symptom Check List 5-item version.
fCRT: complex reaction time.

For mean craving intensity and substance use episodes as
responses, there were no significant baseline explanatory
variables. Using aggregated repeated measures data (across
sessions) as input, we found that impulsivity (impulsivity mean
estimate 7.26, SE 2.57; P=.01), mood (SCL-5 mean estimate
3.98, SE 1.13; P=.003), and battery use (battery use mean
estimate –0.23, SE 0.10; P=.04) were the significant explanatory
variables of craving intensity. For substance use episodes as
response, the best model fit had mean craving intensity (craving
mean estimate 0.12, SE 0.05, odds ratio 1.13, 95% CI 1.04-1.30;
P=.04) as the sole significant explanatory variable, albeit with
modest effect size. Both models using repeated measures data
explained more variability in substance use episodes and craving

than the baseline models (see Table 3 for R2).

Discussion

Principal Findings
The main aim of this study was to investigate how mental health
and cognitive functioning measured at both baseline and with
frequent EMAs in addition to smartphone-based sensor activity
is associated with variability in craving and actual substance
use in a clinical population of young adults aged 18 to 30 years.
To the best of our knowledge, we are the first to demonstrate
these relationships with high frequency data collection in an
inpatient clinical population of young adults with SUDs. Overall,
our results indicate that repeated measures outperform baseline

measures in explaining variability in craving (R2=0.680 vs 0.254,

respectively) and substance use episodes (R2=0.366 vs 0.186,
respectively). Using a cross-sectional breakdown of the data,
with repeated measures aggregated by patient in addition to
baseline mental health and neuropsychological performance
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data, we found that having one or more episodes of substance
use in the study period was best explained by mean craving
intensity. We also found that repeated mental health
assessments, self-reported impulsivity, as well as the digital
marker of amount of smartphone usage (battery use) are possible
explanatory variables of substance use episodes through their
effect on craving. Mean craving intensity was best explained
by repeated mental health assessments and self-reported
impulsivity. Less smartphone-based sensor activity (ie, battery
use) was also a significant explanatory variable, albeit with a
modest effect. This means that increases in mental health distress
and perceived impulsivity will increase the level of craving
intensity, while increases in the amount of phone use, as
measured by battery use, will decrease craving intensity.
Interestingly, we were able to find these differences even in a
relatively small sample of only clinical patients with SUDs and
not in patients with SUDs versus healthy controls in this
feasibility study. There has been some discussion in the literature
about whether self-regulatory mechanisms such as cognitive
functions and disinhibition influence the vulnerability to act on
craving and use substances [45], but we did not find support
for this in our study, as no measures of cognitive functioning
were significant in explaining variability in substance use
episodes; we did, however, not allow for an interaction term.

Comparison With Previous Work
Our results are in line with other studies documenting the
relationship between craving and substance use [46], and the
modest effect size that we found is in line with previous findings
[3], but previous studies did not consistently account for
within-subject effects such as individual levels of craving and
variability across time. Similarly, since there was an important
variability in baseline cognitive functioning, it may be that
models allowing for random intercepts and random slopes in a
nested mixed-effects model would have nuanced the relationship
among craving, cognitive factors, and substance use episodes.
This trade-off was made due to better possibilities for variable
selection and handling of a high number of possible explanatory
variables in an aggregated approach such as the one used here.

The influence of mood and impulsivity on substance use has
previously been described for patients with various severities
of addiction [5,47]. We did not, however, perform analyses of
battery use as a possible explanatory variable for variability in
mood and impulsivity, but battery use was significantly
correlated with the mean of repeated mood assessments and
could have proven to be an explanatory variable of variability
in mood. These findings add to our understanding of the
importance of incorporating dynamic measures in clinical risk
assessments and future studies, as has also been suggested by
others [48], and incorporating digital markers such as
smartphone use, as they may provide even earlier signals of
impending substance use.

Emotion-based rash action was not part of any of the final
baseline models nor was any baseline neuropsychological
measure; this is in contrast with what has been reported in some
previous studies [49,50], as it seems that in our study,
self-reported cognitive dysfunction, as measured by ASRS, is
better at explaining variability in craving intensity from baseline

than performance measures and trait-based measures, albeit not
significantly in our analyses. This finding further supports the
notion that self-report and performance-based cognitive
measures may play different roles in explaining variability in
outcomes such as substance use outcomes, as do time varying
and baseline explanatory variables [5].

Further Research
A review [51] concluded that increasing the frequency of
measures and analyzing several sessions simultaneously rather
than separately may improve task reliability and validity in
populations with SUDs and that analyzing several sessions at
once, using variability for different epochs of time, rather than
just session by session, may improve both the reliability of
measures and the validity of findings in this population. Further
studies should explore features of different epochs of data,
especially from neuropsychological data.

In this study, we aggregated average repeated measures data
across sessions and patients, which may not be optimal in cases
where there are substantial individual differences [52]. The
effects of large variability in cognitive functioning and mental
distress between patients both at baseline and over time may
be masked on an aggregated group level. As an alternative,
repeated assessments may be nested within individuals and
analyzed using a mixed-effects approach. This may improve
the performance of these models by incorporating time
dependency in observations. Further, mixed-effects modeling
enables prospective analyses with lagged input for a better
temporal variance structure. As an example, patients may
express more impulsivity and substance use behaviors in general
(accounted for in this study) but not necessarily within a certain
time epoch (eg, one day, not accounted for in this study). These
levels of analyses both between and within-patients are
important to understand with respect to those who have an
increased risk of substance use as well as when. The drawback
with mixed-effects approaches is that they are not yet compatible
with a large number of candidate explanatory variables and
techniques for effective variable selection. The first step of
candidate explanatory variable selection of the aggregated
variables was empirically driven and is outlined in Multimedia
Appendix 1. In the second step, we used stepwise Akaike
information criterion regression for explanatory variable
selection. There are other statistical methods available for
variable selection, such as the lasso (and elastic net) regression.
The analyses in this work were performed with both mean
imputation (as presented in the main text) and verified with
multiple imputation. We chose a variable selection method that
could be combined with both mean and multiple imputation
and would give both confidence intervals for regression
coefficients and P values. Based on this feasibility study, we
find it possible to aim for an expansion of the data set in the
future. This kind of data collection is challenging both for
patients and researchers; therefore, evaluating feasibility and
limiting and tuning the extent and timing of data collection is
of great importance for future studies.

Our sample size in this feasability study limits the
generalizability of our findings and has made sublevel analyses
based on biological sex, high/low craving, drug of choice, or
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cognitive subgroups difficult. Although we do consider our
sample to be representative of the clinical cohort in this age
bracket, some of these variables may have effect on the
outcomes in this study. Future studies with larger sample sizes
would allow further subgroup analyses based on these factors
and other sociodemographic variables such as biological sex or
educational background. For example, Serre et al [8] found
differential relationships between craving and mood and
substance use depending on substance of choice. Identifying
such substance-specific mood and cognitive risk factors may
contribute to improving the possibilities for targeted
individualized interventions for this population.

Further, although we were able to differentiate patients with
substance use episodes from those who did not have substance
use episodes in this small clinical cohort, it could be beneficial
to add control groups with and without substance use problems.
Additionally, to personalize treatments, the identification of
imminent risk and ongoing substance use is important. In our
study, we removed sessions preceded by substance use because
we wanted to study the risk of craving and use rather
than substance use–influenced sessions themselves. It may,
however, be argued that the acute effects of substance use are
individual- and drug-specific and may exceed this cooldown
period, possibly influencing our data and findings. Future
research may thus want to use classification tools to enable
phenotyping of the substance use episodes themselves. To enable
accurate classification of ongoing substance use, the reliability
of the substance use measure is crucial. In this study, we relied

on self-report, which has indeed shown varying reliability, often
decreasing with time in prospective studies. Employing
biological markers in the form of randomized or fixed schedule
sampling of urine or blood outside the clinic is one possibility
that should be considered in future clinical and prospective
research with this population. The downside to such, more
reliable, but also more intrusive approaches is that they could
have led to attrition and changes in drug use or self-reports.

Conclusion
Repeated measures data of mental health, cognition, and
smartphone usage play an important role in explaining the
variability in mean craving intensity and the occurrence of
substance use episodes for patients with severe SUDs. This
feasibility study, albeit small in sample size, adds novelty and
knowledge to substance use research when using intense data
collection methods in a group of patients with high symptom
load. Due to the small sample size of this feasibility study, we
refrain from drawing strong conclusions based on the
significance of the regression coefficients. We were also able
to show that it is feasible, albeit work-demanding, to conduct
this kind of intensive prospective study, including mobile
neuropsychological performance measures, in this patient cohort,
which represents one of the most severe clinical cohorts of
patients with SUDs. This study has suggestions for further
research and underlines the need to target craving, cognition,
and mood in the personalized assessment and treatment planning
in this population.
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