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A B S T R A C T

Background: For individuals who wish to reduce their cannabis use without formal help, there are a variety of 
self-help tools available. Although some are proven to be effective in reducing cannabis use, effect sizes are 
typically small. More insight into predictors of successful reduction of use among individuals who frequently use 
cannabis and desire to reduce/quit could help identify factors that contribute to successful cannabis use 
moderation.
Methods: We analyzed data taken from a randomized controlled trial comparing the effectiveness of the digital 
cannabis intervention ICan to four online modules of educational information on cannabis. For the current study, 
we included 253 participants. Success was defined as reducing the grams of cannabis used in the past 7 days at 
baseline by at least 50 % at 6-month follow-up. To train and evaluate the machine learning models we used a 
nested k-fold cross-validation procedure.
Results: The results show that the two models applied had comparable low AUROC values of .61 (Random Forest) 
and .57 (Logistic Regression). Not identifying oneself as a cannabis user, not using tobacco products, high levels 
of depressive symptoms, high levels of psychological distress and high initial cannabis use values were the 
relatively most important predictors for success, although overall the associations were not strong.
Conclusions: Our study found only modest prediction accuracy when using machine learning models to predict 
success among individuals who use cannabis and desire to reduce/quit and show interest in digital self-help tools.

1. Introduction

There appears to be a treatment gap in Europe when it comes to 
seeking help for cannabis use problems. In 2022 an estimated 3.7 million 
European adults used cannabis (near) daily, while approximately 
92,000 clients entered specialized treatment for cannabis-related prob
lems (EMCDDA, 2024). And although it is evident that not all in
dividuals who use cannabis (near) daily meet the criteria for cannabis 
use disorder (CUD) and require treatment, daily use forms a risk factor 
for CUD. The DSM-5 defines CUD as ‘a problematic pattern of cannabis use 
leading to clinically significant impairment or distress, as manifested by at 
least two of the following, occurring within a 12-month period’ (American 
Psychiatric Association, 2013). The criteria, 11 in total, include using 

cannabis more frequently or in larger amounts than intended, symptoms 
of craving, symptoms of tolerance and withdrawal symptoms.

In the Netherlands a similar treatment gap is observed. Between 
2007-2009 and 2019-2022, the last year prevalence of CUD has more 
than doubled in the Netherlands (ten Have et al., 2022). According to 
the most recent estimate of 2019–2022, the last year prevalence of CUD 
among adults was approximately 1.3 % (DSM-5 criteria) (ten Have et al., 
2022). This translates to about 159,600 people. After an increase from 
2001 to 2010, the numbers of people entering specialized addiction 
treatment for CUD has remained relatively stable in the past years 
(Wisselink et al., 2024). In 2022 there were 9231 individuals in treat
ment for CUD.

For individuals who wish to attempt to reduce their cannabis use 
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without formal help, there are a variety of self-help tools available. 
These tools range from books to digital interventions to self-help groups. 
And although some of these tools, such as digital interventions, have 
proven to be effective in reducing cannabis use, the effect sizes are 
typically small (Boumparis et al., 2019; Olthof et al., 2023). The digital 
interventions included in the meta-analysis performed by Boumparis 
et al. (2019) included interventions based on motivational interviewing 
(MI), cognitive behavioral therapy (CBT), personalized normative 
feedback (PNF), solution-focused therapy and parent-involvement pro
grams. More insight into predictors of success among individuals who 
frequently use cannabis and desire to reduce or quit their cannabis use 
could help identify factors that contribute to successful outcomes.

Liebregts et al. (2015) conducted a qualitative longitudinal study in 
which they compared individuals who frequently used cannabis but 
successfully quit their cannabis use (desisters) to individuals who 
frequently used cannabis and had a persistent desire to use cannabis and 
unsuccessful quit attempts (persisters). The study sample consisted of 14 
individuals selected from the broader Dutch Cannabis Dependence 
(CanDep) study on the course of frequent cannabis use and dependence, 
who participated in two additional in-depth interviews about their 
cannabis use. None of the participants were in treatment at the time of 
the study. The aim of the study was to better understand the underlying 
processes of desistance from cannabis use. Results showed that desisters 
experienced increasing control over their actions and set goals for 
themselves (Liebregts et al., 2015). In addition, they employed strategies 
that helped them to achieve their goals and were able to envision a 
different, non-using version of themselves. Their cannabis desistance 
was often influenced by life events for example traveling, disease of a 
loved one, or ending/beginning a relationship or job. Although per
sisters experienced similar life events, they lacked goals and strategies 
and struggled to envision a non-using version of themselves (Liebregts 
et al., 2015).

Rooke et al. (2011) conducted a quantitative study in which they 
compared characteristics of individuals who had successfully quit their 
cannabis use with those of current regular cannabis users who made at 
least one unsuccessful quit attempt. Successful quitters had a higher 
level of education, fewer symptoms of depression and stress, lower levels 
of cannabis dependence, lower day-to-day exposure to other individuals 
who use cannabis and higher exposure to formal treatment than the 
unsuccessful quitters (Rooke et al., 2011).

In addition, several studies have indicated characteristics that are 
predictive of success among individuals using digital self-help tools for 
problematic substance use, such as higher level of education, higher 
socioeconomic status, shared living situation, high interpersonal sensi
tivity and active participation in the online intervention’s virtual com
munity (Blankers et al., 2013; Bravin et al., 2015; Schwarzer and Satow, 
2012). Riper et al. (2018) conducted an individual patient data 
meta-analysis of 19 randomized controlled trials to investigate moder
ators of treatment outcomes in internet-based interventions for problem 
drinking. Being male, less educated, and 55 years of age or older was 
associated with better treatment results (Riper et al., 2018).

Although previous studies (eg. Bravin et al., 2015; Riper et al., 2018; 
Schwarzer and Satow, 2012) provide valuable insights into potential 
predictors of success among individuals attempting to reduce their 
substance use, many of these previous studies have relied on traditional 
(multiple) regression models which were fitted and evaluated using the 
same dataset, instead of separate training and test data commonly used 
in machine learning approaches. Traditional (multiple) regression 
models are typically theory driven, where the model is constructed 
based on prior assumptions about the relationship between the variables 
in a given dataset (Ley et al., 2022). The model is usually fitted on all the 
available data, making it difficult to determine how generalizable the 
results are to other datasets. Machine learning models on the other hand 
are typically data-driven, where the data are split into a training and a 
test dataset (Coutanche and Hallion, 2020; Ley et al., 2022). The 
training dataset is used to optimize the model’s fit through an iterative 

process. The test dataset is then used to evaluate the performance of the 
model on the other part of the data (Coutanche and Hallion, 2020; Ley 
et al., 2022). While in traditional (multiple) regression models the 
number of predictors is usually limited relative to the sample size and 
predictors cannot be highly correlated with other predictors, several 
machine learning models such as random forest models can evaluate the 
predictive power of a relatively large set of variables (Pearson et al., 
2019). Therefore, machine learning may be able to address some of the 
shortcomings of traditional multiple regression approaches to predict 
which individuals who use cannabis are most likely to succeed in 
reducing their cannabis use. However, machine learning models also 
pose some challenges, including the need for larger sample sizes and 
occasional difficulty in interpreting the results due to their data-driven 
approach rather than being based on theoretical frameworks (Ley 
et al., 2022).

A previous study by Ramos et al. showed that machine learning 
models can be applied to predict success among individuals utilizing 
digital substance use self-help interventions, including a cannabis self- 
help intervention (Ramos et al., 2021). Success was defined as 
completion of all intervention modules and achieving the goal that the 
participant had made at the beginning of the intervention regarding 
cannabis use. Log data from the first three days of using the intervention 
were used to predict success. The best performing model had an AUC of 
0.67, indicating limited added accuracy compared to chance level (i.e., 
.50) (Ramos et al., 2021; Šimundić, 2009). Ramos et al. did not include 
socio-demographic characteristics or other baseline characteristics, as 
these were unavailable for the majority of the participants. It is likely 
that the model accuracy could have benefitted from including 
socio-demographic data, because previous research has shown these to 
be predictive of outcome (Jonas et al., 2019).

To the best of our knowledge, only one study by Jonas et al. (2019)
examined baseline characteristics predictive of success in an online 
cannabis intervention using a machine learning method. In total 31 
predictors related to socio-demographics and substance use were 
included. Participants who (1) had the goal to abstain (vs. the goal to 
reduce), (2) had higher levels of self-reflection as measured by the Self 
Reflection and Insight Scale (vs. lower levels), (3) preferred a mild 
intoxicating effect (vs. a strong intoxicating effect) and (4) with high 
initial cannabis use at baseline (>22 days vs <22 days), had a higher 
probability of treatment success (Jonas et al., 2019). The model had an 
accuracy of 0.64, again indicating limited accuracy. Jonas et al. 
conclude that further potential predictors should be tested to enhance 
prediction accuracy.

In this study we aimed to use a wide variety of baseline character
istics with machine learning models to predict success among in
dividuals who frequently use cannabis and desire to reduce or quit 
cannabis use. We also aimed to explore which (type of) characteristics 
are associated with success. We used data from a randomized controlled 
trial (RCT) in which the effectiveness of the online cannabis intervention 
ICan was tested compared to four online modules of educational infor
mation on cannabis (Olthof et al., 2023). The RCT found favourable 
3-month effects of ICan in reducing grams of cannabis used, but no 
difference in use days compared to the control condition (Olthof et al., 
2023). No differences were found between conditions at 6-month 
follow-up. This study will help to gain insight in whether a machine 
learning approach to prognostic modeling contributes to prediction ac
curacy overall in comparison to traditional multiple regression ap
proaches. The study also aims to help gain insight into factors that 
contribute to successful outcomes among individuals who use cannabis 
and desire to reduce or quit their cannabis use and show interest in 
digital self-help tools. If successful, our findings could help inform the 
development or adaptation of these tools, to better meet the needs of 
individuals who frequently use cannabis and desire to reduce or quit.
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2. Materials and methods

2.1. Population

We obtained self-reported data between December 2019 and 
November 2020. Follow-up measurements took place 6 weeks (treat
ment satisfaction only), 3 months and 6 months after randomization via 
online surveys. For the current study we only used the 6-month follow- 
up data, because this measurement point was also used for the primary 
outcome measure in the RCT (Olthof et al., 2023). Since the RCT found 
no significant difference in effectiveness between treatment conditions 
at 6-month follow-up, and to maintain an adequate sample size, the RCT 
data from the ICan intervention condition and control condition were 
combined for the current study. A total of 378 participants were avail
able in the dataset, from which 253 were included in the study. Fig. 1

shows the flow diagram of the current study, including the numbers and 
reasons for exclusion of participants.

2.2. Interventions

The ICan intervention is a progressive web app based on motiva
tional interviewing and cognitive behavioral therapy. ICan includes self- 
tests, goal-setting and exercises to develop a plan for achieving the goal. 
ICan also includes detailed information about seeking professional help 
for cannabis use problems. The educational information modules (con
trol condition) consist of information about cannabis, its effects, and the 
risk of cannabis use disorder. The modules also provide general tips on 
reducing or quitting cannabis use. A detailed description of the trial and 
the interventions can be found elsewhere (Olthof et al., 2021). The trial 
received ethical approval from Medical Research Ethics Committees 

Fig. 1. Flow diagram.
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United, NL67449.100.18.

2.3. Variables

Among others, the following baseline characteristics were collected 
prior to randomization:

Socio-demographics – age, gender and level of education.
Cannabis use variables – number of cannabis use days in the past 7 

days assessed using the Timeline Follow-back method; number of 
cannabis use days in the past 30 days; average number of joints made 
from 1 g of cannabis; average number of joints smoked per use day; 
number of grams of cannabis used in the past 7 days; price paid per gram 
of cannabis product; amount spent in euros on cannabis per week; type 
of cannabis used (hashish or marijuana or both); route of administration.

Cannabis use related variables – cannabis use related problems 
assessed using the Cannabis Use Disorders Identification Test (CUDIT) 
(Adamson and Sellman, 2003); severity of dependence as measured by 
the self-reported number of DSM-5 criteria met for cannabis use disorder 
(American Psychiatric Association, 2013); the degree to which a person 
identifies oneself as a cannabis user assessed using the Cannabis 
Self-Concept Scale (CSCS) (Blevins et al., 2018), craving for cannabis as 
measured with the Marijuana Craving Questionnaire Short Form 
(MCQ-SF) (Heishman et al., 2009).

Attempts to reduce or quit cannabis use; past 3-month cannabis 
quit attempts lasting at least 24 hrs; number of days abstinent during 
most recent quit attempt; past 3-month attempts to reduce cannabis use 
lasting at least 24 hrs; number of joints smoked per week before most 
recent attempt to reduce; number of joints smoked per week during 
attempt to reduce; duration (days) of most recent attempt to reduce; self- 
efficacy to quit cannabis use assessed as in the study by Malmberg et al. 
(2012); self-reported withdrawal symptoms during most recent attempt 
to reduce or quit cannabis use.

Help-seeking related variables – attitudes towards seeking pro
fessional help for cannabis use related problems as measured with an 
adapted version of the Mental Help Seeking Attitudes Scale (MHSAS) 
(Hammer et al., 2018); attitudes, social norm, perceived behavioral 
control and intention to seek professional help for cannabis use related 
problems assessed using a self-constructed questionnaire developed 
according to Ajzen’s theory of planned behavior.

Psychological distress and quality of life – psychological distress 
and symptoms of somatization, depression and anxiety were assessed 
using the BSI-18 (Derogatis, 2000).

Other substance use variables – self-reported use (number of use 
days in the past month) of tobacco, alcohol, amphetamine, ecstasy, 
hallucinogens, cocaine, crack, heroin, GHB, methadone, ketamine, 
nitrous oxide and unprescribed medication. In addition the AUDIT-C 
was included to measure hazardous drinking (Bush et al., 1998).

Other variables – The Marlowe-Crowne Social Desirability Scale 
(MCSDS) was included to be able to statistically control for social 
desirable responding in the randomized controlled trial (Crowne and 
Marlowe, 1960; Olthof et al., 2021). Knowledge about CBT principles 
and treatment options were measured with a self-constructed 
questionnaire.

2.4. Definition of success

Success was defined as a binary outcome. Based on the inspection of 
data, participants were considered to be successful if they reduced the 
amount (grams) of cannabis they used in the past 7 days at baseline by at 
least 50 % at 6-month follow-up. We selected this definition of success 
because it resulted in approximately equal-sized groups of participants 
who were classified as successful and unsuccessful and because a 50 % 
reduction in use can be deemed a clinically relevant result. We defined 
success based on cannabis consumption rather than cannabis use related 
problems, because the primary goal of the ICan intervention is to reduce 
cannabis use among participants regardless of whether they currently 

experience cannabis use related problems.

2.5. Machine learning models

Based on previous research and experience we applied two machine 
learning models (Ramos et al., 2021). First, a Logistic Regression model 
which has a linear approach, i.e. the model assumes a linear relationship 
between the predictor variables and the output variable, and is less 
robust when it comes to a large number of variables being included in 
the model. Second a Random forest model which tends to be more robust 
when dealing with a large number of variables and is able to identify 
non-linear relationships among the variables.

2.6. Statistical analysis

Due to the limited sample size the data was not analyzed separately 
by treatment condition. However, treatment condition was included as a 
potential predictor in the models. In addition, we included all the pre
viously described baseline variables in the models. To train and evaluate 
the models we used a nested k-fold cross-validation procedure as 
described in the study by Ramos et al. (2021). For both the Logistic 
regression method and the Random forest method 10 models were 
optimized and tested using this cross-validation procedure. The average 
across all cross-validation iterations and 95 % Confidence Intervals are 
reported in Table 2 for the following five performance measurements:

• Sensitivity: proportion of truly successful participants that are 
correctly identified as successful by the model, this is also called the 
true positive rate.

• Specificity: proportion of truly unsuccessful participants that are 
correctly identified as unsuccessful by the model, this is also called 
the true negative rate.

• Negative predictive value (NPV): proportion of predicted unsuc
cessful participants that are truly unsuccessful.

• Positive predictive value (PPV): proportion of predicted successful 
participants that are truly successful.

• The Area Under the Receiver Operating Characteristics curve 
(AUROC): this is a more global measure of the model’s prediction 
accuracy. The AUROC is calculated by plotting the sensitivity against 
1-specificity for a number of classification thresholds (Mandrekar, 
2010). AUROC values range from 0 to 1, a value of 0.5 indicates that 
the model does not predict better than random guessing, a value of 
1.0 indicates perfect prediction.

We used Shapley Additive Explanations (SHAP) to visualize and 
interpret the output of the machine learning models. Shapley values 
were first used in the context of cooperative game theory to assign pay 
outs to players based on their contribution to the total pay-out (Molnar, 
2019). In machine learning different features collaborate to predict a 
certain value. While most explanations created with Shapley values 
require to use all the features, Lundberg and Lee introduced a method 
(SHAP) that can provide explanations based on a selection of features 
(Lundberg and Lee, 2017; Molnar, 2019). The SHAP plot shows how a 
high or low value on a certain feature impacts and contributes to the 
prediction of -in our case- success.

3. Results

3.1. Participants

The last column of Table 1 shows the baseline demographic and 
clinical characteristics for the total sample. The age of the participants 
ranged between 18 and 64 years (M = 27.5, SD = 8.47), 69.6 % of them 
were male.
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3.2. Success rates

The 6-month follow-up questionnaire was completed by 284 (75 %) 
of the participants, of whom 31 participants had too many missing 
values and were excluded. Of the remaining 253 participants, 124 par
ticipants successfully reduced their cannabis use (grams used in past 7 
days) by 50 % or more, 129 participants were unsuccessful in reducing 
their cannabis use by 50 % or more. The first columns of Table 1 show 
the baseline demographic and clinical characteristics for each outcome 
group (unsuccessful & successful).

3.3. Model accuracy

Overall, the model accuracy measures indicated at best a modest fit 
of the models to the data. The values of all evaluation measures 
(AUROC, sensitivity, specificity, PPV and NPV) were slightly higher for 
the model using the Random Forest method than for the model using the 
Logistic Regression method, although the 95 % CI for the two models 
overlapped. The AUROC value of the Random Forest model was 0.61 
(95 % CI 0.56–0.67). Table 2 shows the average values of the model 
evaluation measures and 95 % CI.

3.4. Feature importance

Fig. 2 shows the SHAP for the Random Forest model based on the 6- 
month follow-up data. The vertical axis shows the 20 most important 
features in the dataset, ranked with the most important features at the 
top. The horizontal axis shows the SHAP values. Features with a positive 
SHAP value are indicative of success (in our case: reducing cannabis use 
by ≥50 %), whereas features with a negative SHAP value are indicative 
of non-success (not reducing cannabis use by ≥50 %). Fig. 3 shows the 
relative impact of each feature on the model. In the interpretation we 
should take in account the overall modest predictive accuracy of the 
machine learning model.

At the top of the list with the most predictive features is the Cannabis 
Self Concept Scale (CSCS) score. High CSCS scores have negative SHAP 
values. This means that strongly identifying oneself as a cannabis user is 
associated with somewhat lower probabilities of reducing cannabis use 

by ≥50 % (non-success). The BSI-18 depression subscale score, and the 
Global Severity Index (GSI) are also relatively important predictors; high 
BSI/GSI scores, indicating higher levels of depressive symptoms and 
psychological distress, are associated with higher probabilities of 
reducing cannabis use by ≥50 % (success).

Use of tobacco products was also in the top 10 of predictive features. 
A higher number of days on which tobacco products were used in the 
past 30 days (not in combination with cannabis) was associated with 
non-success.

High initial cannabis use values – both the amount of grams of 
cannabis used in the week preceding baseline assessment and the 
number of joints smoked on the Sunday preceding baseline assessment - 
were associated with success. In addition, the route of administration as 
food/beverage was associated with success.

High scores on positive attitudes towards seeking help for cannabis 
use related problems and high scores on intention to seek help were 
associated with success. On the contrary, high scores on perceived 
behavioral control to seek help were associated with non-success.

4. Discussion

In this study we evaluated the use of machine learning approaches to 
prognostic modeling. We aimed to use a wide variety of baseline char
acteristics in machine learning models to predict success among in
dividuals who use cannabis and desire to reduce or quit cannabis use and 
with interest digital cannabis self-help tools. Participants were consid
ered to be successful if they reduced the amount (grams) of cannabis 
they used in the past 7 days at baseline by at least 50 % at 6-month 
follow-up. The results show that the two models applied had compara
ble AUROC values of .61 (Random Forest) and .57 (Logistic Regression). 
This indicates poor to sufficient diagnostic accuracy according to the 
benchmarks presented in ̌Simundić (2009). Hence, we can conclude that 
for our application, machine learning techniques have not contributed 
to a particularly accurate model to predict successful cannabis moder
ation. Although the current study only yielded modest prediction ac
curacy, these findings do not seem far out of line with findings in 
previous studies. Jonas et. al reported an accuracy of .64 in their study in 
which they used a machine learning inspired method to examine 31 
potential baseline predictors of treatment success in an online cannabis 
intervention (Jonas et al., 2019). Ramos et al. reported an AUROC value 
of 0.67 in their machine learning study in which they used log data from 
the first 3 days of intervention use to predict success in a digital cannabis 
intervention (Ramos et al., 2021). While Jonas et al. (2019) used a 
sample size comparable to that in our study, Ramos et al. (2021) used a 
much larger sample size.

Despite the modest prediction accuracy, the models enabled us to 
explore the baseline characteristics that were relatively most strongly 
associated with success. The cannabis self-concept scale score was at the 
top of the list with most predictive features, meaning that strongly 
identifying oneself as cannabis user is associated with a lower proba
bility of success in online self-help tools. This accords with previous 
research that showed that high cannabis self-concept scale scores are 
negatively associated with motivation to change cannabis use (Blevins 
et al., 2018). The results are also in line with the findings from the 
qualitative study by Liebregts et al. (2015) that demonstrated that un
successful cannabis quitters struggle to envision a non-using version of 
themselves.

Table 1 
Baseline demographic and clinical characteristics for each group (unsuccessful 
and successful) and total.

Characteristics Unsuccessful 
(n=129)

Successful 
(n=124)

Total 
(n=253)

Male 92 (71.3 %) 84 (67.7 %) 176 (69.6 %)
Age, years (M ± SD) 26.93 ± 7.23 28.02 ± 9.59 27.46 ± 8.47
Level of education, n

Low 24 (18.6 %) 24 (19.4 %) 48 (19.0 %)
Medium 50 (38.8 %) 49 (39.5 %) 101 (39.9 %)
High 55 (42.6 %) 51 (41.1 %) 104 (41.1 %)

Cannabis use frequency, days 
past week (M ± SD)

5.84 ± 1.61 6.26 ± 1.15 6.05 ± 1.41

Cannabis use quantity, grams 
past week (M ± SD)

4.77 ± 5.33 5.91 ± 5.68 5.33 ± 5.52

BSI Global severity Index Score 
(GSI)

26.79 ± 7.34 29.19 ± 7.80 27.96 ± 7.65

DSM-5, self-reported symptoms 
CUD (M ± SD)

5.97 ± 2.61 6.15 ± 2.62 6.06 ± 2.61

Table 2 
Average values of the evaluation measures and 95 % CI.

Time Method AUROC Sensitivity Specificity PPV NPV

6 mths RF .61 (.56–.67) .58 (.50–.66) .62 (.54–.70) .60 (.54–.65) .61 (.55–.67)
6 mths LR .57 (.49–.64) .56 (.49–.62) .60 (.49–.70) .57 (.50–.64) .58 (.51–.65)

Note: AUROC, Area Under the Receiver Operating Characteristics Curve; RF, Random Forest; LR, Logistic Regression; PPV, Positive Predictive Value; NPV, Negative 
Predictive Value.

M.I.A. Olthof et al.                                                                                                                                                                                                                             Drug and Alcohol Dependence 264 (2024) 112431 

5 



The use of tobacco products was also associated with lower proba
bilities of success in online self-help tools. These results corroborate the 
findings of previous reviews that show that tobacco use is negatively 
associated with cannabis cessation outcomes (McClure et al., 2020; 
Peters et al., 2012). In addition, a systematic review by Walsh et al. 
(2020) suggests that multi-substance interventions might be more 

effective than cannabis-only targeted interventions on cannabis cessa
tion. These results suggest that adding components to the self-help tools 
that target tobacco use and the identity as a cannabis user may enhance 
the effectiveness.

High levels of depressive symptoms and psychological distress were 
associated with success (i.e. reducing cannabis use by ≥50 %) in online 

Fig. 2. SHAP feature importance for the Random Forest model based on the 6 month follow-up data. AUDIT-C, Alcohol Use Disorders Identification Test; BSI, Brief 
Symptom Inventory; MCQ-SF, Marijuana Craving Questionnaire Short Form; PBC, Perceived Behavioral Control; TLFB, Timeline Follow-Back; TPB, Theory of 
Planned Behavior.

Fig. 3. Mean SHAP values, average impact of each feature on the model. AUDIT-C, Alcohol Use Disorders Identification Test; BSI, Brief Symptom Inventory; MCQ-SF, 
Marijuana Craving Questionnaire Short Form; Perceived Behavioral Control; TLFB, Timeline Follow-Back; TPB, Theory of Planned Behavior.
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self-help tools. These findings are somewhat surprising given the fact 
that other research has shown that depressive symptoms are associated 
with unsuccessful quit attempts, poorer treatment response and 
increased risk of relapse in cannabis use disorder (Flórez-Salamanca 
et al., 2013; Rooke et al., 2011; Tomko et al., 2020; White et al., 2004). 
However, research has demonstrated that impaired mental health is one 
of the most important reasons for individuals to seek treatment for their 
cannabis use disorder (Van Der Pol et al., 2013). In this light, the pres
ence of high levels of depression and psychological distress may reflect 
an increased sense of urgency and motivation in individuals who use 
cannabis to reduce or stop their cannabis use.

4.1. Limitations

As with any study, there are several limitations to our study that need 
to be addressed. First, the study has a relatively small sample size, 
particularly for a machine learning study where the data needs to be 
split into a training and a validation dataset. Second, the RCT data from 
the ICan intervention and the control condition were combined for the 
current study. The mechanisms driving success could differ between the 
two conditions, which could lead to different predictors of success. 
Third, we did not include any log data from the self-help interventions in 
the models, despite research showing its predictive value (Ramos et al., 
2021). We made the decision to focus solely on baseline characteristics 
with the hope to identify a set of criteria that could potentially be used to 
screen for individuals with a high probability of benefiting from digital 
cannabis self-help tools. Furthermore, it was not possible to include log 
data in the analyses because in the control condition no patient-level log 
data was stored. Future studies that combine log data with baseline 
characteristics are recommended to enhance prediction accuracy, 
moreover future studies should use larger sample sizes and thus larger 
datasets.

4.2. Implications

Although machine learning techniques are promising, the current 
study demonstrates that they do not automatically lead to better pre
diction models. Moreover, it remains the question whether these tech
niques will help us gain more insight into predictors of successful 
behavioral change in substance use. It is evident that further research, 
using larger samples, and which have collected data on other factors that 
may be related to successful cannabis use moderation is required to 
determine whether machine learning techniques provide added value 
for this purpose. Future work may elucidate in which context and under 
what conditions the use of machine learning techniques may advance 
prognostic modeling of substance use behavior change outcomes.

5. Conclusion

All in all our study shows that using machine learning models to 
predict success (i.e. reducing cannabis use by ≥50 %) among individuals 
who use cannabis and desire to reduce or quit and with interest in digital 
self-help tools resulted in modest overall prediction accuracy, similar to 
previous studies.
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