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Background: Given possible impairment in psychomotor functioning related to acute cannabis intoxication, we
explored whether smartphone-based sensors (e.g., accelerometer) can detect self-reported episodes of acute
cannabis intoxication (subjective “high” state) in the natural environment.
Methods: Young adults (ages 18–25) in Pittsburgh, PA, who reported cannabis use at least twice per week,
completed up to 30 days of daily data collection: phone surveys (3 times/day), self-initiated reports of cannabis
use (start/stop time, subjective cannabis intoxication rating: 0–10, 10 = very high), and continuous phone sensor
data. We tested multiple models with Light Gradient Boosting Machine (LGBM) in distinguishing “not intoxi
cated” (rating = 0) vs subjective cannabis “low-intoxication” (rating = 1–3) vs “moderate-intensive intoxication”
(rating = 4–10). We tested the importance of time features (i.e., day of the week, time of day) relative to
smartphone sensor data only on model performance, since time features alone might predict “routines” in
cannabis intoxication.
Results: Young adults (N = 57; 58 % female) reported 451 cannabis use episodes, mean subjective intoxication
rating = 3.77 (SD = 2.64). LGBM, the best performing classifier, had 60 % accuracy using time features to detect
subjective “high” (Area Under the Curve [AUC] = 0.82). Combining smartphone sensor data with time features
improved model performance: 90 % accuracy (AUC = 0.98). Important smartphone features to detect subjective
cannabis intoxication included travel (GPS) and movement (accelerometer).
Conclusions: This proof-of-concept study indicates the feasibility of using phone sensors to detect subjective
cannabis intoxication in the natural environment, with potential implications for triggering just-in-time
interventions.

1. Introduction
Acute cannabis intoxication can impair psychomotor functioning
(Conroy et al., 2015; National Academies of Sciences, Engineering, and
Medicine, 2017). Adverse effects of acute cannabis intoxication have
been reported by young adults (Conroy et al., 2015), with associated
consequences such as poor academic and work performance, and in
juries and fatalities due to driving while “high” on cannabis (Phillips
et al., 2015). However, existing objective measures (e.g., blood, urine,
saliva tests) have limitations as indicators of acute cannabis intoxication

and cannabis-related impairment (Huestis & Smith, 2017). In the
absence of tools to accurately detect acute cannabis intoxication in daily
life, this study examined the feasibility of passive sensing using
smartphone-based sensors to identify episodes of acute cannabis intox
ication in the natural environment, given the ubiquity of smartphones
and low burden of passive sensing (Mohr et al., 2017; Marsch, 2020).
Prior research has used smartphone-based sensors to detect heavy
drinking episodes in young adults in the natural environment (Bae et al.,
2017, 2018). Specifically, a Random Forest (RF) model using a 30-min
ute window with 1 day of historical data had 90.9 % accuracy in
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detecting high-risk drinking (i.e., consuming 4+/5+ drinks per occasion
for women/men) (Bae et al., 2018). In the RF model used to detect
high-risk drinking among young adults, the most informative phone
sensor features, in addition to time (i.e., day of the week, time of day),
included movement (e.g., change in activities), device use (e.g.,
screen-on duration), and communication (e.g., typing speed) (Bae et al.,
2018). There are few studies using smartphone sensors to detect acute
cannabis consumption. A lab study collected accelerometer and gyro
scope data to detect acute cannabis use (3% or 7% THC vs placebo) in 10
participants to perform analysis of gait, resulting in 92 % accuracy (Li
et al., 2019). Existing passive sensing studies to detect episodes of sub
stance use support the potential for smartphone sensors to detect
cannabis-related intoxication, but highlight the need for research con
ducted using a wider range of smartphone sensors with individuals who
use cannabis in naturalistic settings to increase ecological validity.
This exploratory study examined whether smartphone-based sensors
(e.g., GPS, accelerometer, text/phone logs) can be used to detect selfreported episodes of acute cannabis intoxication (subjective “high”
state) in the natural environment among young adults, given possible
impairment in functioning related to acute cannabis effects. No prior
work has explored the use of smartphone sensors to detect subjective
cannabis "high", nor studied real-time detection of cannabis use with
passive sensing in the natural environment. Since time features alone
might predict “routines” in cannabis use (Shrier et al., 2012, 2013;
Emery et al., 2020), we first tested the importance on model perfor
mance of just the two time features (day of the week, time of day),
relative to smartphone sensor data. We hypothesized that smartphone
sensor data would improve detection of subjective cannabis intoxica
tion, after accounting for the two time features.

Table 1
LGBM model comparison in detecting subjective cannabis intoxication (notintoxicated vs low-intoxication vs. moderate-intensive (MI) intoxication).
LGBM
Model

Accuracy

Precision

Recall

F1Score

Moderate-Intensive
Intox
AUC

LGBM-DT
LGBM-S
LGBM-DTS

0.60
0.67
0.90

0.72
0.83
0.92

0.60
0.66
0.90

0.64
0.73
0.90

0.82
0.90
0.98

Three Light Gradient Boosting Machine (LGBM) model performance on the test
or “holdout” (20 %) dataset. Intox: Intoxication LGBM-DT: Day of the week and
time of day combined model, LGBM-S: Smartphone-based sensors only model,
and LGBM-DTS: Smartphone-based sensors combined with the two time features
(day of the week and time of day) in identifying three classes: not-intoxicated
(0), low-intoxication (1–3) and moderate-intensive intoxication (4–10), the
cutoff between 3 and 4 is defined based on the median value ( = 3.0 out of 10.0)
of subjective intoxication episodes.

2.3. Machine learning modeling in identifying “low”-, and “moderateintensive” cannabis intoxication versus “not-intoxicated”
2.3.1. Pre-processing
During pre-processing, phone sensor data were extracted and
segmented into 5-minute windows for analysis (Bae et al., 2017, 2018).
The phone sensor dataset included 1648 data points representing sub
jective cannabis "high” reports, and 293 data points representing "not
high" reports. To minimize the influence of imbalanced data on model
performance in the training dataset, we used both over-sampling with
Synthetic Minority Over-sampling Technique (SMOTE) and random
under-sampling of the majority class, so that three classes (“not-intoxi
cated”, “low-intoxication”, and “moderate-intensive intoxication”) had
the same number of training samples.

2. Methods
2.1. Study population

2.3.2. Training, validating and testing
We evaluated multiple machine learning classifiers (e.g., Light
Gradient Boosting Machine [LGBM]) with 10-fold cross-validation on
training (80 %), and test (or “holdout”, 20 %) datasets to determine
which classifier performed best in distinguishing “not intoxicated”
(rating = 0) vs subjective cannabis “low-intoxication” (rating = 1–3) vs
“moderate-intensive intoxication” (rating = 4–10). We tested the
importance of two time features (day of the week: Monday to Sunday
and time of day: 1− 24 hours from morning to evening) relative to
smartphone sensor data only on model performance, since time features
alone have been associated with routines in cannabis use (Shrier et al.,
2012, 2013; Emery et al., 2020).
To explore whether smartphone-based sensors can be used to iden
tify subjective cannabis intoxication behaviors in the natural environ
ment, we compared the following three machine learning models: (a)
time features (day of the week and time of day [DT]), (b) smartphonebased sensors only [S], (c) smartphone-based sensors and time fea
tures combined model [DTS]. The best performing model was deter
mined by considering accuracy, precision, recall, F1-score, Kappa, and
Area Under the Curve (AUC). Details of the metrics are in supplementary
materials.

Young adults (n = 57, ages 18–25), who reported cannabis use at
least twice per week, were recruited by research registry and Craigslist
to participate in a smartphone data collection study (up to 30 days) in
Pittsburgh, PA (2017–2019) (Chung et al., 2020). Participants (57.8 %
female; mean age = 19.82 [SD = 1.76]; 71.92 % White, 15.78 % Black,
12.28 % Asian and other ethnicity) provided informed consent for
participation, and were compensated for participation. This naturalistic,
observational follow-along study obtained a Certificate of Confidenti
ality. The university’s Institutional Review Board approved the study
protocol.
2.2. Measurements
2.2.1. Phone surveys
Participants responded to fixed time phone surveys 3 times per day
(10am, 3 pm, 8 pm) with a 5 -h time window for completion, and were
trained to complete self-initiated reports of cannabis use within 15 min
of starting to use cannabis. Self-initiated reports obtained start/stop
time, quantity consumed (hits, grams), and rating of subjective high,
"How high are you feeling right now?", rated: 0–10, 10 = very high (for
details, see Chung et al., 2020). The fixed time phone surveys, similar to
the self-initiated reports, included items on time of last cannabis use,
and quantity consumed. Participants completed 52.98 % (2119/4000)
of fixed time surveys (Chung et al., 2020).

3. Results
3.1. Performance of time features only
Participants reported 451 episodes of cannabis use in phone surveys,
with a mean subjective high rating = 3.77 (SD = 2.64). The LGBM
performed best. Table 1 shows the overall performance (using the
holdout (20 %) dataset) of the model with two time features (LGBM-DT:
Accuracy = 0.60, F1-score = 0.64, precision = 0.72 and recall = 0.60).

2.2.2. Passive sensing
Our AWARE app (Ferreira et al., 2015) for Android and iOS
continuously collected data on 102 smartphone sensor features (e.g.,
GPS, accelerometer, number of outgoing calls, mean distance travelled)
analyzed in this study.
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Fig. 1. The three Light Gradient Boosting Machine (LGBM) models in the test or “holdout” (20 %) dataset: (a) day of the week and time of day (LGBM-DT), (b)
smartphone-based sensors model (LGBM-S) and (c) smartphone-based sensors with the two time features (LGBM-DTS) in identifying three classes: not-intoxicated,
low-intoxication and moderate-intensive intoxication.

3.2. Performance of phone sensor and time features

intoxication in daily life in a sample of young adults, with potential
implications for triggering delivery of just-in-time interventions.
Time-based features were important contributors to model perfor
mance in this non-treatment seeking community-based sample of young
adults. Thus, knowing at what time of day, and on what days of the week
a young adult tends to use cannabis would likely have an important
impact on being able to detect cannabis use, as reported in some prior
work (e.g., Shrier et al., 2012, 2013; Emery et al., 2020). However, other
research, examining relapse to cannabis use, found that time-based
features have limited utility as a predictor of future use (Shrier et al.,
2018). Since continuing to use cannabis and relapse appear to involve
different processes, it is important to consider the conditions under
which time-based features may or may not be useful for detecting sub
jective cannabis intoxication.
Some of the most important phone sensor features for detecting
subjective cannabis "high" included GPS data (e.g., smaller travel
boundary when feeling "intoxicated") and motion sensor data including
accelerometer (e.g., fewer activity changes when "intoxicated"). Similar
to prior work using the accelerometer in a lab setting to examine
changes in gait associated with acute cannabis-related intoxication (Li
et al., 2019), results from phone sensor data collected in daily life
indicate the utility of the accelerometer (e.g., stronger body movements)
to detect subjective cannabis intoxication. Notably, prior phone sensor
work to detect high-risk drinking episodes found motion sensor data (e.
g., magnitude of acceleration and activity changes) to be of value. Other
research used GPS data to predict heroin or cocaine craving with high
accuracy among outpatients treated for opioid use disorder (Epstein
et al., 2020). The micro- and macro-movements captured by acceler
ometer and GPS, respectively, appear to be promising digital markers for
detection of addictive behaviors and related states (e.g., craving).
Study limitations warrant comment. Subjective rating of cannabis
intoxication, which might be biased, was used as the outcome, although
such ratings have good psychometric properties (Okey and Meier, 2020;
Chung et al., 2020). Further, history of cannabis use (i.e., tolerance),
drug dose, and factors such as route of administration can affect report
of subjective intoxication. Compliance with the phone surveys could be
improved, and some reported episodes did not meet criteria for inclusion
in analyses. There were relatively few data points for which participants
reported not being under the influence of cannabis. Replication of the
algorithm’s performance (e.g., sensitivity, specificity) in classifying
"intoxicated" vs "not intoxicated" reports in individuals who report less
frequent cannabis use is needed. Subjective report of "intoxication"
needs to be studied with tools that law enforcement might use (e.g., oral
fluid collection and analysis), which might show stronger correlation
with self-reported cannabis use. The sample included young adults,
consisting of a majority of White individuals, suggesting limits to
generalizability, and need for replication.

The phone sensors only model (LGBM-S) had 67 % accuracy in
detecting “low” and “moderate-intensive” subjective cannabis intoxication
(vs “not-intoxicated”) in the holdout dataset (AUC = 0.90; Table 1).
Combining smartphone sensor data with the two time-based features
(LGBM-DTS; Table 1) improved model performance (e.g., increased recall
and precision), relative to the phone sensor only model (LGBM-S),
resulting in 90 % accuracy (moderate-intensive intoxication, AUC = 0.98)
and F1-score = 0.90 in detecting subjective cannabis intoxication. Thus,
smartphone-based sensor features (e.g., accelerometer) contributed
unique information, relative to the two time-based features (day of the
week, time of day) in detecting subjective cannabis "intoxication".
Importantly, the combined model (LGBM-DTS) had the best overall per
formance of the three models in detecting subjective cannabis intoxication
(Fig. 1). These results suggest the potential use of specific phone sensors (e.
g., GPS; accelerometer) to detect the effects of cannabis use in the natural
environment (over and above features of time) in a population-based
machine learning model.
Importantly, the addition of time features to smartphone sensor data
improved the LGBM model’s sensitivity (True Positive rate in Fig. 1) in
identifying subjective low-, and moderate-intensive intoxication (versus
"not-intoxicated"), which means that the algorithm was more likely to
correctly classify samples labelled "intoxicated" among "intoxicated"
samples that are actually labelled "intoxicated". Time features (i.e., time
of day, day of the week) appear to be among the most important features
contributing to model performance (Table 1).
3.3. Top ranked mobile phone sensors and time features
Of the 102 phone sensor features analyzed, the top ranked features
for detecting subjective cannabis "intoxication" (LGBM-DTS) were (1)
time features (top two): time of day and day of the week, (2) travel
(GPS): smaller travel boundary at times when reported feeling “high”,
(3) motion (activity and accelerometer): smaller number of activity
changes, and stronger body movement when “high”.
4. Discussion
This proof-of-concept study indicated the feasibility of using
smartphone-based sensors to detect subjective cannabis intoxication in
the natural environment in a population-based machine learning model
among young adults. A model that combined smartphone-based sensors
with time features (day of the week, time of day; LGBM-DTS) had the
best performance in detecting subjective cannabis intoxication. Results
supported the hypothesis that smartphone sensor data would improve
detection of subjective cannabis intoxication, after accounting for two
time-based features. Time-based features were among the most impor
tant for detecting subjective cannabis intoxication in this young adult
sample. Phone sensors, combined with time-based features, show
promise for automated and continuous detection of cannabis

5. Conclusion
This exploratory study demonstrated the feasibility of using
3
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smartphone sensor data to detect subjective cannabis intoxication in the
natural environment among young adults. Smartphone sensor data
contributed unique information, over and above time features, to detect
subjective cannabis intoxication.
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