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Abstract
Background People who use cannabis daily or near-daily vary considerably in their daily dosage and use frequency, 
impacting both experienced effects and adverse consequences. This study identified heavy cannabis user groups 
according to consumption patterns and factors associated with class membership.

Methods We conducted a cross-sectional study of 380 Spanish residents (61.8% male; average age = 30.3 years) 
who had used cannabis ≥ 3 days/week throughout the past year. Participants were recruited through chain referral 
and cannabis social clubs. We applied latent class analysis (LCA) to cluster participants according to use intensity. 
LCA indicators included frequency of weekly cannabis use, joints smoked each day, cannabis dosage, and if cannabis 
was consumed throughout the day or only at specific times. Associations between class membership and socio-
demographics, use patterns, motives, supply sources, adverse outcomes, and use of other substances were measured 
using ANOVA and chi-squared tests. Multinomial regression identified the factors associated with latent class 
membership.

Results Three latent classes (moderately heavy: 21.8%, heavy: 68.2%, very heavy: 10%) had average weekly cannabis 
intakes of 2.4, 5.5, and 18.3 g, respectively. Very heavy users were older (χ2=17.77, p < 0.01), less educated (χ2=36.80, 
p < 0.001), and had used cannabis for longer (F = 4.62, p = 0.01). CAST scores (F = 26.51, p < 0.001) increased across the 
classes. The prevalence of past-month alcohol use was lower among the heaviest users (χ2=5.95, p = 0.05). Cannabis 
was usually obtained from a club by very heavy users (χ2=20.95, p < 0.001).

Conclusions People who use cannabis heavily present three groups according to frequency and quantity of 
cannabis consumption. Use intensity is associated with increased cannabis-related problems. Differences among 
heavy users must be considered in harm reduction interventions in cannabis clubs and indicated prevention.
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Background
Cannabis is the most commonly used illicit drug world-
wide [1], and Spain has one of the highest consumption 
rates in Europe [2]. In 2019, 10.5% of the population 
(aged 15–64 years) had used cannabis in the past year. In 
total, 8% had used cannabis in the past 30 days, and 2.9% 
used it daily [3].

Research has found that daily or near-daily (DND) 
users (i.e., ≥ 20 days of consumption during the previous 
month) account for almost 80% of total cannabis con-
sumption [4–6]. Their use patterns require more detailed 
analysis because they consume larger doses and take it 
several times during the waking day [7–10]. Therefore, 
they are more vulnerable to acute and chronic health 
or psychological harms associated with cannabis use, 
including impaired psychomotor and cognitive function-
ing, memory deficits, dependence, respiratory impair-
ments (including bronchitis), onset or amplification of 
psychosis in predisposed individuals, and driving impair-
ment with risk of traffic injuries [11–15]. Daily use in 
adolescents and young adults is also associated with early 
school leaving, increased risk of using other illicit drugs, 
and cognitive and psychological deterioration [12–15].

Experts agree that standardized tools for measuring 
cannabis exposure are necessary to unify the evidence 
on the antecedents, correlates, and consequences of use 
[16]. Surveys tend to distinguish people who use can-
nabis (PWUC) heavily based on frequency of use, and 
rarely ask about average daily intake. However, DND 
users consume remarkably diverse amounts of canna-
bis. For instance, Gamella and Jiménez [17] found that 
the number of joints smoked monthly by a sample of 81 
Spanish daily long-term cannabis users ranged from 10 
to 300; similar findings were reported internationally [10, 
18]. Therefore, it seems that a more accurate assessment 
of cannabis use requires assessing both, frequency and 
quantity. Indeed, Tomko et al. [19] have shown that the 
sum of the quantity of cannabis used (average grams per 
administration * number of joints/day) and the frequency 
of use in the past 30 days significantly improves the pre-
diction of urine cannabinoid level and cannabis-related 
problems.

This study aimed to analyze groups of heavy users 
according to their use patterns, and whether their con-
sumption and its consequences varied. We hypothesized 
that the “heavy use” category comprises a variety of use 
patterns associated with different vulnerability for can-
nabis-related problems. We chose latent class analysis 
(LCA)—a model-based clustering method—to uncover 
these groups in a sample of heavy users. This method 
allows to identify different groups, accurately charac-
terizes membership, and predicts which case is likely to 
belong to each group.

Previous studies have utilized LCA to identify cannabis 
user types according to several sets of variables. Craft et 
al. [20] identified seven classes of PWUC characterized 
by the probability of using different products. Herbal 
cannabis, sinsemilla, and hashish were associated with 
increased dependence, whereas the consumption of con-
centrates was associated with diagnosis of mental health 
disorders. Davis et al. [21] distinguished four groups in 
a sample of twins and siblings based on the concurrent 
and simultaneous use of cannabis with tobacco, alcohol, 
and other illicit drugs. Simultaneous use of cannabis 
and tobacco was associated with the most problematic 
outcomes, including depression, illicit drug use, and 
cannabis use disorders. Two studies found four and five 
subgroups, respectively, of persons who use cannabis 
based on the products they used and their past-month 
use frequency/intensity [22, 23]. Heaviest users, who 
consumed plant products, concentrates, or both fre-
quently and spent more time high, were more susceptible 
to experiment adverse consequences. Another two stud-
ies uncovered four and five classes of users, respectively, 
according to consumption frequency, quantity/intensity, 
and cannabis-related problems [24, 25]. Both studies 
identified three groups among heavy users with increas-
ingly more negative consequences.

To conduct our LCA, we included only variables affect-
ing the magnitude of exposure to cannabis and its effects. 
We excluded consumption method because all our par-
ticipants principally smoked cannabis in joints. Smoking 
combusted cannabis is the predominant method among 
PWUC in Spain. In 2019, 98% of past-month cannabis 
users reported smoking it in a joint; 87% mixed it with 
tobacco [3]. We chose for the post-LCA analysis variables 
describing social, health, or behavioral characteristics or 
outcomes of cannabis use relevant to public health. We 
followed the previous literature to select these indicators: 
sociodemographic factors, settings and sources of canna-
bis use, other drug use, and health outcomes [26].

This study aims to contribute to the knowledge of 
PWUC heavily in Spain, their demographics, use pat-
terns, and experienced consequences. We applied LCA 
to: [1] identify classes in heavy users according to their 
cannabis exposure magnitude; [2] examine if there were 
associations between class membership and other vari-
ables (socio-demographics, characteristics of cannabis 
use, motives, sources of supply, adverse outcomes, and 
concurrent use of other substances); and [3] identify 
which of the examined variables remained as predictors 
of class membership in a multinomial regression model.

Methods
Participants and procedure
We recruited 380 individuals who had consumed canna-
bis ≥ 3 days/week in the past 12 months (average cannabis 
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use days/week = 6.3; 61.8% male; average age = 30.3; age 
range = 18–76). The Dutch Cannabis Dependence (Can-
Dep) study employed the same eligibility criterion [27]. 
Participants were recruited through chain referral and 
cannabis social clubs in Spain from January 2017 to May 
2019. Involvement was voluntary and anonymous. Partic-
ipants were informed about the research aims, the insti-
tutions responsible and the funding body. They provided 
consent to respond to a paper-and-pencil self-adminis-
tered questionnaire (average completion time: 40  min). 
In total, 142 participants (37%) were members of can-
nabis clubs. These clubs are registered non-profit asso-
ciations that organize the production and distribution of 
cannabis among their adult members. We invited mem-
bers of some cannabis clubs to participate with the help 
of some of the clubs’ staff. They sent us back the com-
pleted questionnaires. Other club members appeared in 
the networks of users found by snowball sampling. Vari-
ous collaborators help us to follow these networks and to 
contact participants in different settings.

Variables
We selected four variables describing the intensity of 
cannabis use for LCA:

  • The number of weekly cannabis use-days.
  • The number of joints typically smoked in a use-

day was estimated by responding to the following 
questions: “How many joints did you smoke the last 
time you smoked alone?” “How many joints did you 
smoke the last time you smoked with others?” “With 
how many individuals did you share each joint?” 
For example, smoking one joint alone and three 
with another individual gives a total of 2.5 joints. If 
the last consumption day was atypical, participants 
responded to the same questions regarding a regular 
cannabis use day.

  • Cannabis dosage was estimated by self-report of the 
number of joints made with one gram of cannabis. 
This method has been previously validated to 
better estimate average doses per joint at group 
level compared to other methods such as using a 
prompt card with real-size pictures of a ruler and 
different dosages [28]. The estimated median in our 
sample was 0.28 g per joint, very near the 0.25-gram 
“standard unit joint” [28].

  • All-day consumption. Finally, individuals had to 
report if they usually consumed cannabis throughout 
the waking day or only at specific times (morning, 
afternoon, evening, before going to bed).

The variables selected for the post-LCA analysis were:
  • Socio-demographics. Age (by cohorts; ordinal 

variable), sex (male dummy variable), marital status 
(married or with a partner versus other; categorical 
variable), education (primary, secondary, vocational 

training, baccalaureate, or university; ordinal 
variable), employment (employed, unemployed, or 
inactive; categorical variable), and monthly income 
(< 301€, 301–900€, > 901€; ordinal variable).

  • Characteristics of cannabis use. Number of years 
of cannabis use (continuous). Methods of cannabis 
consumption in the last month (smoked mixed with 
tobacco, smoked without tobacco, vaporized, eaten, 
or drunk; all yes or no). Cannabis use settings in the 
past month (at home, outdoors [street, square, park, 
countryside, beach], in a club, in a vehicle; all yes or 
no).

  • Motives for use. We used the Spanish version of 
the 25-item Marijuana Motives Measure (MMM) 
questionnaire [29–32]. Participants rated each item 
on a 5-point Likert scale from 1 (almost never/never) 
to 5 (almost always/always).

  • Source of supply. Purchased in the illegal market, 
obtained in a cannabis club, home-grown, obtained 
for free (all yes or no).

  • Adverse consequences. Experienced cannabis-related 
problems in the last year (health, psychological, at 
school or university, family, financial; all yes or no); 
had received a fine because of cannabis use in the 
past year (yes or no). Cannabis use disorder (CUD) 
and cannabis dependence were assessed using the 
full Spanish version of the Cannabis Abuse Screening 
Test (CAST) [33–35] which assesses the frequency 
of the following events in the past 12 months: “Have 
you smoked cannabis before mid-day?”; “Have you 
smoked cannabis when you were alone?”; “Have you 
had memory problems when you smoked cannabis?”; 
“Have friends or family members told you that you 
should reduce or stop your cannabis use?”; “Have you 
tried to reduce or stop your cannabis use without 
succeeding?”; “Have you had problems because of 
your cannabis use (argument, fight, accident, poor 
results at school, etc.)?”. All items are answered on a 
five-point scale from 0 (never) to 4 (very often). Total 
scores range from 0 to 24. The cut-off points used, 
according to DSM-IV criteria, were: 9 for CUD and 
12 for cannabis dependence (Cronbach’s alpha: 0.75, 
sensitivities: 0.74 and 0.57, specificities: 0.69 and 
0.84) [36].

  • Use of other substances: use of tobacco and alcohol 
in the last month (both yes or no); use of inhalants, 
cocaine, amphetamine, ecstasy, LSD, sedative-
hypnotics, synthetic cannabinoids, and mushrooms 
in the past 12 months (all yes or no). A dummy 
variable was created to classify individuals that had 
taken one or more non-cannabis illicit substances in 
the past year.
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Statistical analysis
We applied LCA to cluster participants according to the 
intensity of their cannabis consumption. LCA is a statisti-
cal procedure used to identify latent (unobserved) groups 
within a sample by sharing some characteristics. The 
latent groups are inferred from patterns of the observed 
variables used in the modelling. We conducted differ-
ent LCAs to identify classes of PWUC heavily based on 
patterns of cannabis use. We selected four variables to 
develop the LCA: number of weekly cannabis use-days, 
number of joints smoked on a typical use-day, number of 
joints made from one gram of cannabis, and cannabis use 
throughout the waking day. Then, we explored several 
solutions, beginning with the most parsimonious (i.e., 
one class) and increasing the number of latent classes by 
one to determine the model that featured the best data 
fit.

For reasons of interpretability and parsimony, we did 
not use models where the smallest class proportion was 
< 5.2% [37]. The first model with this characteristic was 
the 4-class model. To determine the number of classes 
that have the best fit, we considered the Akaike infor-
mation criterion (AIC), consistent AIC (cAIC), Bayesian 
information criterion (BIC), sample-size adjusted BIC 
(aBIC), approximate weight of evidence criterion (AWE). 
Lower values indicate better fit and parsimony [38]. The 
Lo–Mendell–Rubin (LMR) test was also computed to 
compare k-1 class and k class models: higher p values 
suggest that the k class model does not fit the data signifi-
cantly better than a model with one less class. Finally, we 
estimated the entropy (ranging from 0 to 1) where val-
ues > 0.80 indicate a successful classification of individu-
als into classes.

After deciding the number of latent classes and using 
the latent class posterior probabilities, individuals were 
classified in their most likely class. In the next step, 
ANOVA (Scheffe as post-hoc test) and chi-squared (and 
Fisher’s exact for groups with small sample size) tests 
were used to compare continuous and categorical vari-
ables, respectively. In the case of multiple comparisons, 
Holm-Bonferroni correction was performed. Finally, we 
applied multinomial regression to identify the factors 
associated with latent class membership; this regression 
only included statistically significant variables from the 

previous step. All analyses were conducted in STATA 
(version 15).

Results
Latent class model
Comparisons of the LCA model-fit statistics suggested 
that the three-class model provided the best fit (Table 1).

Figure  1 presents the predicted mean of all variables 
used in the LCA analysis by class. The three latent classes 
show a clear division according to cannabis use intensity.

  • Class 1 comprised 21.8% of the sample and had 
the following characteristics. Usage days per week: 
M = 4.27, SD = 0.77; joints smoked per consumption 
day: M = 1.9, SD = 1.6; dose of cannabis per joint: 
M = 264 mg, SD = 94; weekly consumption: 
M = 2.24 g, SD = 2.02; 20.5% consumed cannabis 
throughout the waking day. This subgroup was 
labeled moderately heavy.

  • Class 2 comprised 68.2% of the sample and had 
the following characteristics. Usage days per week: 
M = 6.88, SD = 0.33; joints smoked per consumption 
day: M = 2.6, SD = 1.3; dose of cannabis per joint: M: 
305 mg, SD = 154; weekly consumption: M = 5.49 g, 
SD = 4.68; 33.6% used cannabis throughout the 
waking day. This subgroup was labeled heavy.

  • Class 3 consisted of 10% of the sample; they were 
all daily users. Their other characteristics were as 
follows. Joints smoked per consumption day: M = 7.6, 
SD = 1.9; dose of cannabis per joint: M = 344 mg, 
SD = 161; weekly consumption: M = 18.25 g, SD = 8; 
89.5% took cannabis throughout the waking day. This 
subgroup was labeled very heavy.

Bivariate associations
Socio-demographics
Differences among classes for socio-demographic vari-
ables are presented in Table  2. There were significant 
intergroup differences regarding age—from youngest to 
oldest: moderately heavy, heavy, and very heavy. Educa-
tion levels were similar between classes 1 and 2. How-
ever, the percentage of respondents with education below 
university level was significantly higher in the very heavy 
group. Similarly, unemployment was significantly higher 
in the very heavy group, and there were more inactive 

Table 1 Fit indices for one- to three-class models
Number of classes AIC cAIC BIC aBIC AWE Entropy LMR statistic

(p-value)
Propor-
tion in 
smallest 
class

1 4968.70 4996.30 4996.28 4974.07 5057.86 -- -- --

2 4836.35 4883.66 4883.63 4883.63 4990.91 0.88 117.92 (p < 0.001) 13.41%

3 4504.68 4571.71 4571.66 4517.73 4723.65 0.93 283.05 (p < 0.001) 10.71%
AIC: Akaike Information Criterion; cAIC: consistent AIC; BIC: Bayesian Information Criterion: aBIC: sample size adjusted BIC; AWE: Approximate Weight of Evidence 
criterion. LMR: Lo–Mendell–Rubin test
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people (mainly students) among the moderately heavy 
users. The proportions of being employed and monthly 
income were similar between the three classes. There was 
no difference in the proportion of being married or hav-
ing a partner.

Characteristics of cannabis use
Table  3 panel A shows intergroup differences regarding 
cannabis use characteristics. The mean number of years 
between first and current use was 14.2 (SD = 9.1). Class 
3 reported the lengthiest period of use (range: 12.2 years 
[class 1] to 17.5 years [class 3]). However, there was no 
significant difference regarding the average age of can-
nabis use onset: 16.1 years (SD = 3.9) overall. The most 
typical form of cannabis use in the past month was smok-
ing mixed with tobacco in all classes with significant dif-
ferences (range: 86.7% [class 1] to 100% [class 3]). There 
were no significant intergroup differences regarding 
other modes of cannabis administration in the past 30 
days: smoked without tobacco, vaped, eaten, or drunk. 
In the past month, 91.8% had used cannabis at home, 
42.1% outdoors (street, square, park, countryside, beach), 

39.7% in a cannabis social club, and 31.6% inside a vehi-
cle. Intergroup differences regarding all cannabis use set-
tings in the past month were significant. Class 1 reported 
the lowest proportion of current use in all the locations, 
and class 3 the highest, except at home where class 2 was 
slightly more prevalent. The prevalence of individuals 
who had consumed cannabis in a club in the last month 
increased through the classes (range: 19.3% [class 1] to 
63.2% [class 3]). Almost half of class 3 had used canna-
bis in an automobile in the past month. The proportion 
decreased to 21.7% in class 1

Motives for use
Factor analysis of the five potential motives for cannabis 
use (MMM) suggested enhancement motives predomi-
nated for all classes (M = 3.8, SD 0.7), followed by cop-
ing (M = 2.7, SD = 0.9), expansion (M = 2.4, SD = 1.0), and 
social motives (M = 2.4, SD = 0.9). Conformity motives 
were rare (M = 1.3, SD = 0.4). Several significant inter-
group differences emerged regarding motives for canna-
bis use. Coping motives significantly increased through 
the classes (range: 2.4 [class 1] to 2.9 [class 3], and class 

Fig. 1 Predicted mean of variables in LCA analysis by classes
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2 showed higher expansion motives than the other two 
classes. (Table 3 panel B).

Supply sources
Table  3 panel C presents the distribution of supply 
sources among groups. Typically, cannabis was pur-
chased in all classes. Obtaining cannabis for free (or from 
sharing with others) was more common in class 1. There 
were substantial significant intergroup differences in the 
proportion of users who had obtained cannabis from a 
social club (range: 19.3% [class 1] to 60.5% [class 3]). Only 
9% of respondents had grown their cannabis plants. Class 
2 included 11.6% cultivators, in contrast with only 2.4% 
and 5.3% in classes 1 and 3, respectively.

Adverse outcomes
Table  4 panel A provides the bivariate associations 
between the three subgroups and self-reported adverse 
outcomes in the past year. Psychological and social trou-
bles were more prevalent than physical problems across 
subgroups. Intergroup differences emerged concerning 
the proportion of individuals who had experienced psy-
chological disorders, family disputes, financial problems, 
or received a fine (higher among very heavy users). There 
were considerable significant intergroup differences 
regarding CAST scores. Overall, 59.2% of users reported 
CUD (CAST ≥ 9) and 36.6% dependence (CAST ≥ 12). 

The prevalence of CUD (range: 43.4% [class 1] to 89.5% 
[class 3]) and dependence (range: 21.7% [class 1] to 68.4% 
[class 3]) increased significantly through the classes.

Use of other substances
Table  4 panel B shows intergroup differences regarding 
the concurrent use of other substances. Most respon-
dents had smoked tobacco separately in the past month 
with significant intergroup differences (range: 62.7% 
[class 1] to 86.8% [class 3]). The percentage of individu-
als who had drunk alcohol in the last month was signifi-
cantly lower in the very heavy group than in the others 
(range: 73.7% [class 3] to 87.9% [class 2]). More than half 
had used at least one non-cannabis illicit drug in the 
past 12 months, most commonly cocaine (range: 23.2% 
[class 1] to 52.6% [class 3]). Significant intergroup differ-
ences emerged regarding the consumption of inhalants, 
amphetamine, LDS, and synthetic cannabinoids in the 
last year (higher among very heavy users).

Multivariate associations
We conducted a multinomial regression model with all 
the variables that were statistically significant in the pre-
vious bivariate analyses (Table  5). Almost all the indi-
viduals who had consumed cannabis in a club in the past 
month had also acquired it there. Therefore, we excluded 
the variable “club as use setting” in the regression model 

Table 2 Latent class membership by socio-demographics
N(%) Significance

Overall      

380(100.0%)

Class 1:
moderately heavy
83(21.8%)

Class 2:
heavy
259(68.2%)

Class 3:
very heavy
38 (10%)

Age χ2=17.77 p=0.007

18–20 years old 36(9.5) 15(18.1) 15(5.8) 6(15.8)

21–30 years old 199(52.4) 43(51.2) 143(55.2) 13(34.2)

31–40 years old 94(24.7) 15(18.0) 67(25.9) 12(31.6)

> 40 years old 51(13.4) 10(12.1) 34(13.3) 7(18.4)

Male 235(61.8) 53(63.9) 152(58.6) 30(78.9) χ2=5.94 p=0.051

Married/with partner 89(23.4) 14(16.9) 65(25.1) 10(26.3) χ2=2.57 p=0.277

Education χ2=36.80 p<0.0001

Primary 19(5.0) 2(2.4) 11(4.3) 6(15.8)

Secondary 46(12.2) 6(7.23) 29(11.3) 11(29.0)

Vocational Training 40(10.6) 10(12.0) 22(8.6) 8(21.0)

Baccalaureate 45(11.9) 9(10.8) 31(12.1) 5(13.2)

University 227(60.2) 56(67.5) 163(63.7) 8(21.0)

Employment χ2=10.06 p=0.039

Employed 237(62.4) 49(59.0) 166(64.1) 22(57.9)

Unemployed 52(13.7) 11(13.2) 30(11.6) 11(28.9)

Inactive 91(23.9) 23(27.7) 63(24.3) 5(13.2)

Monthly income χ2=1.44 p=0.837

Less 301 € 75(22.3) 17(24.3) 49(21.0) 9(27.3)

301–900 € 115(34.2) 25(35.7) 81(34.8) 9(27.3)

Higher 901 € 146(43.4) 28(40.0) 103(44.2) 15(45.4)
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and kept only “club as a supply source.“ In adverse out-
comes, we included CAST scores instead of the cut-off 
points for CUD or dependence. Table 5 shows the result-
ing model.

Compared to the moderately heavy group, the heavy 
group comprised more individuals in the 21–30 years age 
cohort (b = 1.413, p < 0.05). It was less probable that they 
obtained cannabis for free (b=-1.018, p < 0.01), and more 
likely that they acquired cannabis in a club (b = 1.360, 
p < 0.001). Compared to the moderately heavy group, 
those in the very heavy group showed a lower propor-
tion of university graduates (b=-3.904, p = 0.01), more 
years of cannabis use (b = 0.197, p < 0.01), and used it out-
doors more (b = 1.371, p = 0.05). It was less probable that 
they obtained cannabis for free (b=-1.965, p < 0.05), and 
more probable that they had bought it in a club (b = 3.066, 
p < 0.001), and had higher CAST scores (b = 0.318, 
p < 0.001). Compared to the heavy group, subjects in the 
very heavy group exhibited a lower proportion of univer-
sity graduates (b=-2.657, p < 0.01) and more years of can-
nabis use (b = 0.145, p < 0.05). It was more probable that 
they purchased cannabis in a club (b = 1.706, p < 0.01) and 

had higher CAST scores (b = 0.223, p < 0.01). It was less 
probable that they had drunk alcohol in the past month 
(b=-1.328, p < 0.05). In summary, age, education, number 
of years of use, using outdoors, obtaining for free, buying 
cannabis in a club, CAST scores, and alcohol use were 
associated with cannabis use intensity.

Discussion
The present study identified three latent classes of 
PWUC frequently characterized by consumption inten-
sity. Age, education, years of use, and buying cannabis in 
a club emerged as correlates of class membership. No sig-
nificant intergroup differences were observed regarding 
other factors—gender, unemployment, mode of admin-
istration, motives, and other substance use (except alco-
hol). The prevalence of CUD and dependence increased 
through the classes.

At least two previous LCA-based studies have shown 
that PWUC are a varied population, with DND users 
comprising three main groups or categories. Pearson et 
al. [24] conducted LCA on data collected from a sample 
of college students who had used cannabis in the past 

Table 3 Latent class membership by several characteristics
Mean (SD)/N (%) Significance

Overall      

380(100.0%)

Class 1:
moderately heavy
83(21.8%)

Class 2:
heavy
259(68.2%)

Class 3:
very heavy
38 (10%)

(A) Latent class membership by characteristics of cannabis use

Nº of years used cannabis 14.2 (9.1) 12.2 (9.1) 14.4 (8.9) 17.5 (9.4) F = 4.62 p = 0.010

Age of onset 16.1(3.9) 16.3(3.7) 16.1(4.0) 15.2(3.1) F = 4.59 p = 0.101

Mode of administration

Smoked mixed with tobacco 351(92.4) 72(86.7) 241(93.0) 38(100.0) χ2=7.03 p=0.030

Smoked without tobacco 118(31.0) 29(34.9) 79(30.5) 10(26.3) χ2=1.02 p=0.600

Vaporized 63 (16.6) 12(14.5) 42(16.2) 9(23.7) χ2=1.68 p=0.431

Eaten or drunk 67(17.6) 12(14.5) 46(17.8) 9(23.7) χ2=1.54 p=0.464

Setting

Home 349(91.8) 68(81.9) 246(95.0) 35(92.1) χ2=14.30 p=0.001

Outdoors 160(42.1) 24(28.9) 118(45.6) 18(47.4) χ2=7.62 p=0.022

Club 151(39.7) 16(19.3) 111(42.9) 24(63.2) χ2=24.27 p<0.0001

Vehicle 120(31.6) 18(21.7) 85(32.8) 17(44.7) χ2=6.99 p=0.030

(B) Latent class membership by reasons for use

Social 2.4(0.9) 2.4(0.9) 2.3(0.9) 2.4(1.0) F = 0.33 p = 0.725

Expansion 2.4(1.0) 2.2(1.0) 2.5(1.0) 2.2(1.0) F = 3.07 p = 0.047

Coping 2.7(0.9) 2.4(0.9) 2.7(0.9) 2.9(1.0) F = 3.74 p = 0.024

Conformity 1.3(0.4) 1.3(0.3) 1.3(0.5) 1.2(0.2) F = 1.26 p = 0.285

Enhancement 3.8(0.7) 3.8(0.8) 3.7(0.7) 3.9(0.7) F = 0.77 p = 0.464

Medical 29(7.6) 8(9.6) 18(7.0) 3(7.9) χ2=0.65 p=0.723

(C) Latent class membership by sources of supply

Purchased 284(74.7) 64(77.1) 193(74.5) 27(71.0) χ2=0.53 p=0.759

Obtained for free 90(23.7) 28(33.7) 57(22.0) 5(13.2) χ2=7.37 p=0.025

Club 142(37.4) 16(19.3) 103(39.8) 23(60.5) χ2=20.95 p<0.0001

Home grown 34(9.0) 2(2.4) 30(11.6) 2(5.3) χ2=7.19 p=0.027
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30 days. They identified four latent classes using three 
variables related to the intensity of consumption and 
one more about cannabis-related problems. The largest 
class consisted of PWUC infrequently; the other three 
revealed increasingly frequent use and more negative 
consequences. They concluded that people using canna-
bis a few times monthly were distinct from DND users. 
Manning et al. [25] discovered five latent classes among a 
sample of 374 cannabis-using adults. The three variables 
used for the LCA were cannabis use frequency, quantity, 
and problems experienced. Three classes reported more 
heavy use patterns associated with increased adverse out-
comes. Our study confirms that heavy users can be clas-
sified into three groups according to cannabis exposure. 
Besides, it shows that cannabis-related problems increase 
among DND users in parallel with use intensity. As such, 
use frequency may not be the key category for distin-
guishing heavy users. The number of daily doses (joints 
in our research) and whether users consumed cannabis 
throughout the waking day resulted in clear, distinct pat-
terns of use and consequences. The heaviest users may 

be intoxicated throughout the waking day. However, for 
some DND users, especially if they consume lower doses 
at specific times, intoxication may not interfere much 
with their daily life.

In our study, the heaviest users were older, had used 
cannabis use for more years, and were less educated. 
Older users may have had more time to develop more 
heavy use patterns since there were no significant inter-
group differences in terms of the age of cannabis use 
onset. Former research has interpreted early-onset and 
prolonged cannabis use as predictors of poorer educa-
tional outcomes and unemployment [39–42]. We only 
observed intergroup differences regarding education. 
Future studies should examine correlates between the 
three groups and other demographics such as gender 
or employment in larger samples of heavy users. For 
instance, in our research, 79% of the heaviest users were 
male, but the intergroup gender differences were not 
significant.

Many studies have reported associations between 
intensity (frequency and/or quantity) of cannabis use and 

Table 4 Latent class membership by problems and concurrent use of other substances
N (%) Significance

Overall      

380(100.0%)

Class 1:
moderately heavy
83(21.8%)

Class 2:
heavy
259(68.2%)

Class 3:
very heavy
38 (10%)

(A) Latent class membership by problems

Problems last year

Health 39(10.3) 8(9.6) 25(9.6) 6(15.8) χ2=1.40 p=0.497

Psychological 108(28.4) 16(19.3) 75(29.0) 17(44.7) χ2=8.42 p=0.015

At school/university 72(18.9) 14(16.9) 49(18.9) 9(23.7) χ2=0.78 p=0.674

Family 73(19.2) 15(18.1) 42(16.2) 16(42.1) χ2=14.40 p=0.001

Financial 116(30.5) 25(30.1) 73(28.1) 18(47.4) χ2=5.76 p=0.056

Fines 118(31.1) 20(24.1) 80(30.9) 18(47.4) χ2=6.60 p=0.037

Cannabis Abuse Screening Test 10.0(4.4) 8.0(3.5) 10.0(4.2) 13.9(5.1) F = 26.51 p < 0.0001

CUD (CAST ≥ 9) 225(59.2) 36(43.4) 155(60.0) 34(89.5) χ2=23.99 p<0.0001

Dependence (CAST ≥ 12) 139(36.6) 18(21.7) 95(36.7) 26(68.4) χ2=24.54 p<0.0001

(B) Latent class membership by concurrent use of other substances

Tobacco (last month) 271(71.3) 52(62.7) 186(71.8) 33(86.8) χ2=7.56 p=0.023

Alcohol (last month) 327(86.5) 72(87.8) 227(87.9) 28(73.7) χ2=5.95 p=0.051

Inhalants (last year) 38(10.0) 2(2.4) 31(12.0) 5(13.2) χ2=6.73 p=0.035

Cocaine (last year) 137(36.1) 19(23.2) 98(37.8) 20(52.6) χ2=10.78 p=0.005

Amphetamine
(last year)

81(21.4) 10(12.2) 60(23.2) 11(28.9) χ2=5.90 p=0.052

Ecstasy (last year) 95(25.1) 19(23.2) 64(24.7) 12(31.6) χ2=1.03 p=0.597

LSD (last year) 37(9.8) 3(3.7) 27(10.4) 7(18.4) χ2=6.83 p=0.033

Sedative-hypnotics
(last year)

70(18.5) 17(20.7) 49(18.9) 4(10.5) χ2=1.90 p=0.386

Synthetic cannabinoids (last year) 14(3.7) 1(1.2) 9(3.5) 4(10.5) χ2=6.43 p=0.040

Mushrooms (last year) 48(12.7) 8(9.8) 37(14.3) 3(7.8) χ2=2.02 p=0.363

Use of ≥ 1 non-cannabis illicit drug (past 
year)

209(55.1) 37(45.1) 149(57.5) 23(60.5) χ2=4.37 p=0.112



Page 9 of 12Alvarez-Roldan et al. Substance Abuse Treatment, Prevention, and Policy           (2023) 18:31 

cannabis-related problems [10, 24, 25, 43–45]. Our par-
ticipants did not widely acknowledge cannabis-related 
problems. A third reported psychological and financial 
difficulties, and only 10% health damage. In contrast, 
the average CAST score was high (M = 10, SD = 4.4), and 
notable intergroup differences emerged. The proportion 

of individuals with scores ≥ 9 (indicating CUD) in the 
very heavy group was more than two times higher than 
in the moderately heavy group. This difference increased 
to more than three times when considering scores ≥ 12 
(denoting dependence). These findings are consis-
tent with former research, indicating that frequency of 

Table 5 Multinomial logistic regression
Moderately heavy (as ref.) vs. heavy Moderately heavy (as ref.) vs. Very heavy Heavy (as ref.) vs. Very heavy
Coefficient 95% Conf. interval Coefficient 95% Conf. interval Coefficient 95% Conf. interval

Socio-demographics

Age

18–20 years old Ref. - Ref. - Ref. -

21–30 years old 1.413* (0.214, 2.611) -0.364 (-2.748, 2.020) -1.777 (-3.949, 0.395)

31–40 years old 0.895 (-0.774, 2.564) -1.795 (-4.928, 1.339) -2.689 (-5.463, 0.084)

> 40 years old 0.532 (-1.712, 2.776) -3.232 (-7.642, 1.178) -3.764 (-7.705, 0.177)

Male -0.324 (-1.005, 0.358) -0.286 (-1.610, 0.038) 0.037 (-1.128, 1.203)

Education

Primary Ref. - Ref. - Ref. -

Secondary -0.578 (-2.759, 1.602) -1.843 (-4.456, 0.769) -1.265 (-2.967, 0.437)

Vocational Training -1.275 (-3.400, 0.850) -2.522 (-5.259, 0.216) -1.246 (-3.186, 0.693)

Baccalaureate -0.575 (-2.707, 1.557) -2.049 (-4.700, 0.603) -1.474 (-3.280, 0.332)

University -1.247 (-3.226, 0.731) -3.904** (-6.434, -1.374) -2.657** (-4.419, -0.893)

Employment

Employed Ref. - Ref. - Ref. -

Unemployed -0.347 (-1.360, 0.667) 0.123 (-1.536, 1.782) 0.470 (-0.911, 1.851)

Inactive 0.367 (-0.526, 1.259) -1.157 (-3.006, 0.692) -1.524 (-3.179, 0.131)

Cannabis use

Nº of years 0.052 (-0.019, 0.123) 0.197** (0.061, 0.333) 0.145* (0.026, 0.264)

Smoked mix tobacco 1.019 (-0.091, 2.218) 13.815 (-1994, 2022) 12.796 (-1995, 2021)

Used at home 0.822 (-0.239, 1.883) 0.829 (-1.536, 3.193) 0.006 (-2.196, 2.209)

Used outdoors 0.633 (-0.114, 1.380) 1.371* (0.058, 2.685) 0.739 (-0.376, 1.853)

Used in a vehicle 0.049 (-0.744, 0.842) 0.792 (-0.498, 2.083) 0.743 (-0.323, 1.809)

Reasons for use

Expansion -0.017 (-0.358, 0.322) -0.464 (-1.068, 0.140) -0.447 (-0.963, 0.070)

Coping 0.364 (-0.022, 0.751)) 0.069 (-0.606, 0.744) -0.295 (-0.874, 0.283)

Sources of supply

Obtained for free -1.018** (-1.734, -0.301) -1.965* (-3.656, -0.275) -0.947 (-2.521, 0.626)

Bought in a club 1.360*** (0.539, 2.181) 3.066*** (1.644, 4.487) 1.706** (0.509, 2.903)

Home grown 1.526 (-0.131, 3.183) 0.513 (-2.046, 3.072) -1.013 (-3.014, 0.998)

Adverse outcomes

Psychological 0.472 (-0.372, 1.315) -0.039 (-1.490, 1.412) -0.511 (-1.748, 0.727)

Problems with family -0.806 (-1.846, 0.235) 0.250 (-1.419, 1.919) 1.056 (-0.308, 2.420)

Financial -0.348 (-1.139, 0.443) -0.401 (-1.771, 0.968) -0.053 (-1.209, 1.102)

Fines 0.454 (-0.286, 1.194) 0.612 (-0.704, 1.927)) 0.157 (-0.979, 1.294)

CAST 0.095 (-0.002, 0.193) 0.318*** (0.147, 0.489) 0.223** (0.077, 0.369)

Use of other substances

Tobacco 0.113 (-0.631, 0.859) 0.993 (-0.617, 2.606) 0.879 (-0.579, 2.338)

Alcohol -0.105 (-1.081, 0.870) -1.434 (-2.971, 0.102) -1.328* (-2.587, -0.070)

Inhalants 1.491 (-0.105, 3.089) 2.021 (-0.218, 4.260) 0.530 (-1.159, 2.219)

Cocaine -0.017 (-0.808, 0.774) 0.346 (-1.006, 1.698) 0.363 (-0.792, 1.517)

Amphetamine 0.471 (-0.481, 1.423) 0.937 (-0.679, 2.553) 0.466 (-0.907, 1.840)

LSD 1.162 (-0.295, 2.621) 1.782 (-0.568, 4.133) 0.619 (-1.303, 2.542)

Synthetic cannabin 0.558 (-1.724, 2.839) 1.235 (-1.774, 4.225) 0.678 (-1.496, 2.852)
*p < 0.05, **p < 0.01, *** p < 0.001. Sample size is 373
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consumption is the most significant predictor of CUD, 
even when controlling for different products and modes 
of use  [22, 46]. Additionally, nearly one in three PWUC 
frequently develops dependence [47]. Although using 
multiple products and modes of administration is not 
common in Spain, some users are under the effects of 
cannabis most of the day. Consumption intensity is a 
complex category that must reflect the number of hours 
under the influence of the substance.

Consistent with previous research [24, 25, 48, 49], 
enhancement, coping, expansion, and social motives 
were the most prevalent cannabis use reasons across 
classes. We did not observe significant intergroup differ-
ences regarding reasons for use in the multinomial logis-
tic regression. These findings are consistent with those of 
Pearson et al. [24].

Concurrent use of other substances, except opioids, 
was common in our sample. Tobacco and alcohol use in 
the past month was prevalent across classes, and more 
than half reported having used at least one illicit drug 
other than cannabis in the past year (most commonly 
cocaine, followed by ecstasy and amphetamines). The 
prevalence of alcohol use in the past month was signifi-
cantly lower in the very heavy group. Other studies have 
observed this polydrug use in daily users [50]. According 
to the literature, tobacco and cannabis seem to be com-
plementary [51]. It is less clear if alcohol is a substitute 
for cannabis [52]. More research is needed to clarify the 
relationships between cannabis and other substances.

Spanish cannabis clubs may have become a principal 
supply source for the heaviest users in Spain. We found 
significant and broad intergroup differences regarding 
accessing cannabis clubs to obtain and use cannabis on 
their premises. Two previous studies of Spanish cannabis 
clubs [53, 54] found 77% and 68% of their members were 
daily users, respectively (samples N = 458 and N = 155). 
Most members were long-term cannabis users, and they 
did not change their use pattern after joining the club.

Some authors have pointed out that cannabis clubs 
could play a relevant role in implementing harm reduc-
tion practices [55, 56]. The preference of the heaviest 
users for this source of supply might support this pro-
posal. However, in general, cannabis clubs have to fill 
some crucial gaps to implement a harm reduction policy: 
providing information on risks and harms, offering health 
support services for members, performing lab tests on 
the cannabis they supply, etc. [57]. Additionally, cannabis 
clubs must reconsider the maximum quantity of cannabis 
distributed monthly to each member—currently between 
60 and 90  g [56]—, conduct follow-ups with frequent 
users, advise them to reduce their doses and frequency 
of use, and help problematic users access treatment and 
health advisory services. Based on our findings, clinical 
treatment interventions should also pay special attention 

to the use patterns of PWUC heavily since they are 
diverse and related to CUD. Further research will need to 
identify more correlates of class membership, which will 
enable more specific interventions for each heavy user 
class.

Limitations
The study has several limitations. Firstly, we cannot know 
the representativeness of the sample. Network sampling 
is widely used to reduce biases in gathering samples of 
hard-to-reach and hidden populations, such as the one 
targeted in this study [58]. This study was not intended 
to provide prevalence estimates of different user groups 
that might exist among PWUC but rather to character-
ize DND cannabis users and identify correlates of class 
membership. Secondly, all data were self-reported mea-
sures, which must be considered when interpreting the 
results. Although self-report is an accepted method for 
obtaining population behavior information, individual 
bias and memory issues can compromise data accuracy 
[59]. Nonetheless, we have confidence in the validity of 
our main findings, which are consistent with former 
studies. We believe the set of questions assessing the 
quantity of cannabis used is reliable. We have more res-
ervations about the results related to use of other sub-
stances. Future research will benefit from combining 
interview assessments, biological controls of cannabis 
use, and behavioral tasks to assess more accurate con-
structs. Thirdly, we could not measure THC content and 
other cannabinoids in the cannabis herb and resin used 
by participants, which are paramount to assessing the 
intensity of consumption and its consequences. However, 
a previous study [29] did not find large average differ-
ences in the potencies of these products in Spain. None-
theless, future research will need to identify the potency 
of cannabis products to have better control of the study 
variables.

Conclusion
This study suggests that PWUC heavily form three well-
differentiated classes. Class membership was related 
to outcomes associated with cannabis use, including 
increased CUD and dependence. These findings are 
coherent with former research and highlight the neces-
sity of considering the differences among heavy users to 
implement harm reduction policies, particularly in can-
nabis clubs, and clinical treatment of CUD.
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