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Abstract. Over the last two decades, alcohol use has been in decline
among Dutch adolescents. However, the declining trend has been flatlin-
ing: prevalence of monthly alcohol use among Dutch 12-to-16-year-olds
decreased from 54% in 2003 to 26% in 2013, but merely to 23% in 2019.
Dutch governmental policy makers aim to decrease this prevalence fur-
ther. To do so effectively, it would benefit them to know whether so-
cial group memberships correspond to exceptional alcohol use trends.
With traditional statistical approaches, it is challenging to analyze such
a relation between societal trends and social group memberships: only
a few socio-demographic variables can be included, subgroups must be
pre-defined, and linearity assumptions are required. We resolve these is-
sues and automatically identify social subgroups of the Dutch adolescent
population by deploying Exceptional Model Mining for Repeated Cross-
Sectional data (EMM-RCS) on data that interleaves two quadrennial
studies: the Health Behaviour in School-Aged Children study (HBSC),
and the Dutch National School Survey on Substance Use (DNSSSU). Our
findings confirm existing knowledge that age, educational level and mi-
gration background are important descriptors of monthly alcohol use,
and provide further insights into the existence of an interplay effect
with life satisfaction, urbanization degree, and truancy. Our findings also
spawn two hypotheses for further sociological research, and provide dis-
confirming evidence to a sociological hypothesis that aligns with existing
studies.

Keywords: Adolescent Alcohol Use · Exceptional Model Mining · In-
tersectionality · Local Pattern Mining · Validation of Subgroups · Trends
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1 Introduction

Analyzing societal trends is an important line of research in social sciences, as
it assesses how the behaviors, attitudes, and feelings of populations change over
periods of time, and for which groups such changes are particularly pronounced.
Such insights are not only scientifically important, but also have the potential
to pinpoint directions for policies and interventions. For instance, the European
School Survey Project on Alcohol and Other Drugs (ESPAD) collects data on
substance use and other forms of risk behavior among 15- to 16-year-old students
in 49 European countries [20], and Monitoring the Future focuses on drug and
alcohol use among students in America [11]. Using data of the Health Behaviour
in School-Aged Children study (HBSC) [26] and the Dutch National School
Survey on Substance Use (DNSSSU) [22], we analyze trends in adolescent alcohol
use between 2003 and 2019 in the Netherlands. We aim to demonstrate the
value of deploying a local pattern mining approach as a sociological method by
identifying subgroups of adolescents displaying deviating patterns of alcohol use.

Lifetime and monthly alcohol use among Dutch adolescents has changed dra-
matically over the last decades: a substantial increase between 1992 and 2003
[16] was followed by a sharp decrease between 2003 and 2015. Since 2015, both
lifetime and monthly alcohol use among Dutch adolescents has remained sta-
ble [26,22]. The monthly prevalence of alcohol use in 2019 still ranges from 5%
among 12-year-olds to 53% among 16-year-olds [22]. Also, there are sizable sub-
group differences in alcohol use. Higher prevalence of lifetime alcohol use can be
found for older adolescents versus younger adolescents, adolescents with lower
versus higher educational levels, adolescents without a migration background
versus those with a migration background, and adolescents from families with a
relatively high versus low socioeconomic status [26].

Science is well aware that early and frequent alcohol use leads to a broad
range of negative consequences [25,18]. Policy makers, government institutions,
and other decision makers are interested in further reducing alcohol use among
adolescents. To that end, it would help to have a better understanding of factors
that influence when, whether, and why the downward trend flatlines. This calls
for a structured search through a space of demographic subgroups, and evalua-
tion of their exceptionality in terms of behavior of a response variable in repeated
cross-sectional data. Hence, in this paper, we deploy Exceptional Model Mining
for Repeated Cross-Sectional data (EMM-RCS) [23] as a sociological method.

EMM-RCS falls under the umbrella of Exceptional Model Mining (EMM) [7],
which generally searches for coherent subgroups in a dataset that behave some-
how exceptionally. In EMM-RCS, this behavior becomes a societal trend that
deviates from the average, population trend. Any type of deviation in the alcohol
prevalence or trend thereof could be helpful for developing tailored interventions
and policies. Schools would want to know how life satisfaction relates to trends
in adolescent alcohol use. For public health departments, the relation with the
degree of urbanization can be very informative. Furthermore, it would be rele-
vant to discover for which groups trends in monthly alcohol use follow a different
course than the average, population trend (i.e., a stronger or weaker decrease
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over time), or trends could run fairly stable. This might indicate subgroups of
adolescents that are exceptionally (in)sensitive to certain policy measures.

Although the current paper is closely related to [23], we believe to make new
scientific contributions as follows: 1) the current paper discusses methodological
challenges from a sociological point of view. Therefore, to ensure the validity of
discovered subgroups, we discuss the complete result set before and after vali-
dation, 2) [23] discovered deviations in the course (i.e., change-over-time) of the
trend in monthly alcohol use and exceptionally horizontal trends (i.e., no change-
over-time). Here, we give more background information on how these subgroups
can be discovered, and evaluate the findings from both a methodological and so-
ciological point of view, 3) we consider an extra scenario where a single deviation
of the prevalence of monthly alcohol use affects the entire trend line.

2 Related sociological work

Analyzing the extent to which trends in adolescent alcohol use in the last decades
vary across subgroups is challenging for several reasons. First, with traditional
statistical approaches, it is difficult to include many socio-demographic variables
in the analysis because of the risk of an increased type-I error rate due to multiple
hypothesis testing. In order to prevent the finding of false significant results, it
is therefore common to select a few socio-demographic variables based on theory
or existing literature. Although it is sensible to restrict the number of statistical
tests, in this way the possibility to discover new types of subgroup-specific trends
is limited. For instance, trends in adolescent alcohol use are mostly analyzed for
subgroups based on gender, age, and educational track [9,21,17,16], but other
variables such as ethnic background and family situation are rarely included in
the analysis or merely used as covariates.

The constraint on the number of tests also complicates the evaluation of com-
binations of socio-demographic variables. According to intersectionality theory
[5], adolescents belong to multiple social groups and their social experiences are
shaped by all these social group memberships together. Subsequently, the effect
of belonging to a particular social group on adolescents’ developmental out-
comes should not be considered separately from other social group memberships
[4,10]. When investigating the extent to which adolescent alcohol use vary across
subgroups, a common approach to studying the interplay between social group
memberships is to create dummy variables that indicate group membership of
combinations of socio-demographic variables. This can be done by performing
multiple group logistic regressions by creating 6 dummy variables for the com-
bined membership of a social group based on gender (2 groups) and age (3
groups) [17], or with a structural equation model [9]. Apart from the fact that
the manual discretization of a continuous variable into groups (as is done here
for the variable age) may already limit the potential for finding interesting in-
teractions with other variables, a statistical approach where every subgroup is a
separate dummy variable greatly reduces the number of group memberships that
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can be considered. After all, the number of combinations of group memberships
scales exponentially with the number of socio-demographic variables.

A further complexity in analyzing the extent to which societal trends vary
across subgroups is the repeated cross-sectional research design that is used to
collect trend data [3]. For instance, the change-over-time of the monthly preva-
lence of alcohol use is assessed by repeatedly sampling new cases from a pop-
ulation at successive measurement moments. This restricts statistical analysis
to models that analyze changes in the trend with respect to a reference year,
by dummy-coding survey year, instead of considering the variation over time as
a continuous event as can be done in longitudinal or time series data. When a
regression model is used, survey year can be added as an independent, contin-
uous variable but its relationship with other independent variables or with the
(log-odds of the) dependent variable requires the assumption of linearity.

3 Data

Adolescent alcohol use in the Netherlands is monitored by two studies: the Dutch
National School Survey on Substance Use (DNSSSU) [22] and the Health Be-
haviour in School-aged Children study (HBSC) [26]. Both studies are conducted
every four years, with an offset of two years between them: combining both stud-
ies results in 2-yearly data. We use DNSSSU data from 2003, 2007, 2011, 2015,
and 2019, and HBSC data from 2005, 2009, 2013, and 2017. For both studies,
we use data of students in the first four years of secondary school aged 12 to 16
(excluding younger or older students, as their numbers are very small).

Both HBSC and DNSSSU assess alcohol use by asking adolescents how often
they drank alcohol in their entire life, in the last 12 months, and in the last 4
weeks. In this paper we use data on the 4-week prevalence. From 2003 to 2011,
answer options were 0, 1, 2, 3, 4, 5, 6, 7, 8, 10, 11–19, 20–39, and 40 or more. The
question has been asked in a subtly different form from 2013 onwards: it asks for
the number of days that adolescents drank alcohol, with answer options never,
1–2 days, 3–5 days, 6–9 days, 10–19 days, and 30 days or more. For this study,
we flatten answer options 0 (2003–2011) and never (2013–2019) into 0, and the
other answer options into 1, resulting in the monthly prevalence of alcohol use.

We include in the analysis all socio-demographic variables that were available
for all waves, resulting in 10 variables: 2 are continuous (age, life satisfaction),
2 are dummy-coded (sex, whether the adolescent lives with both parents), 3 are
nominal (ethnic group, whether father has a job, whether mother has a job), and
3 are ordinal (school level, level of urbanity, number of skipped classes/truancy).
We let missing values be, since EMM-RCS can natively handle missingness in
socio-demographic variables [24].

4 EMM-RCS deployment

Exceptional Model Mining for Repeated Cross-Sectional data (EMM-RCS) was
introduced by [23] as a generic method to discover subgroups displaying excep-
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tional trending behavior across waves in repeated cross-sectional data. Here, we
deploy EMM-RCS as a sociological method, in order to understand the relation
between socio-demographic variables and trends in alcohol use.

Candidate subgroups are formed by letting combinations of conditions on
socio-demographic variables select adolescents from the full population. Such a
combination is called a description, and could be as follows: age = 12 ∧ life
satisfaction 8-10 ∧ 0 skipped classes (where ∧ should be read as and ; all con-
ditions should be met). The number of possible combinations of social group
memberships is explosive, and evaluating the exceptionality for every candidate
subgroup is infeasible (on top of which, it would severely increase the type-I
error rate). A search strategy is necessary to efficiently traverse this space; our
choice, out of the many strategies that exist for this purpose, is detailed at the
start of Section 5. For the purposes of the discussion here, it is merely important
that many candidate subgroups are automatically generated.

For each generated subgroup, we must determine how exceptional its trend is.
This is captured through the definition of a quality measure φ, where canonically,
higher values represent higher exceptionality of behavior.

Denote data collected with a repeated cross-sectional research (RCS) design
as Ψ = (Ωx1

, . . . , Ωxt
, . . . , ΩxT

), which is an ordered bag of T datasets where
each Ωxt is collected at wave xt for xt ∈ T . Since we analyze trends in alcohol
use in the Netherlands between 2003 and 2019, T = {2003, 2005, ..., 2019} and
t ∈ {1, 2, ..., T} with T = 9. Every Ωxt

is a bag of records rxt
∈ Ωxt

of the
form rxt

= (a1, . . . , ak, ℓxt
), where a1, ..., ak are the sampled values from k socio-

demographic variables and ℓixt
∈ {0, 1} is a binary value indicating whether

adolescent rixt
has drunk alcohol in the past month. Following statistical theory

[2], if variable ℓxt has a binomial distribution with parameters nxt and µxt and
when nxt

is large, µxt
can be approximated by the proportion of the sampled

values ℓxt
with associated standard error se(µxt

).To gauge whether a subgroup’s
trend in monthly alcohol use deviates from the population trend, EMM-RCS uses
a generic quality measure [23]:

φRCS(D) = f ({zxt | xt ∈ T }) (1)

zxt =
|θSG

xt
− θ0xt

|
se(θSG

xt
)

. (2)

The quality measure consists of an inner part that measures exceptionality per
year (Equation (2)) and an outer part that summarizes the T values into one
overall quality value (Equation (1)).

4.1 Quantifying exceptionality

The following paragraphs detail how to instantiate Equations (1) and (2) to mea-
sure the three types of exceptionality that are relevant for better understanding
adolescent alcohol use; that is, to discover subgroups of adolescents with 1) de-
viations in the prevalence of monthly alcohol use (new compared to [23]) 2)
deviations in the course (i.e., change-over-time) of the trend in monthly alcohol
use and 3) horizontal trends (i.e., no change-over-time) in monthly alcohol use.
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Exceptional deviations of the prevalence In order to discover subgroups of ado-
lescents with trends in monthly alcohol use that deviate from the average, pop-
ulation trend at any, unknown wave, we define θSG

xt
= µSG

xt
and θ0xt

= µΨ
xt

for all
xt ∈ T . In other words, as a statistic in Equation (2) we use the monthly preva-
lence of alcohol use. Superscripts SG and Ψ refer to the subgroup and the entire
dataset respectively. Consequently, for every wave, we compare the prevalence
of monthly alcohol use in the subgroup with the prevalence in the entire dataset.

We furthermore set f(·) = max, which means that for a given subgroup, we
select the maximum of the T z-scores. In other words, the largest difference that
can be found between a subgroup’s trend estimates and the average, population
trend estimates serves as the exceptionality value of the subgroup. In practice,
this means that we could both select a subgroup with a trend that is very
similar to the population trend but suddenly deviates at one particular wave,
and a subgroup with a trend that deviates over the entire course.

Exceptional slope deviations Subgroups with trends with an exceptional increase
or decrease can be discovered by focusing on the slopes of the prevalence esti-
mates. A slope is simply the difference between two subsequent prevalence esti-
mates. In order to account for small fluctuations between the prevalence values
estimated in HBSC and DNSSSU, we first take a weighted moving average of
two subsequent prevalence estimates, and then calculate the slope between two
averages. Denoting a weighted moving average of the prevalence estimates at
occasions xt and xt−1 with τxt , we define the slope as θxt = τxt − τxt−1 . Note
that for T waves, there will be T − 1 averages and T − 2 slopes. The standard
error of the weighted average of two proportions follows from statistical theory;
se(τxt

) =
√
b2xt

se(µxt
)2 + b2xt−1

se(µxt−1
)2, where the weights b are based on the

sample sizes nxt and nxt−1 . The standard error of the slope is similar but with
weights b = 1.

We compare the slopes of the subgroup’s trend with the slopes of the popula-
tion trend. Therefore, θ0xt

= θΨxt
. Again, we choose f(·) = max, which means that

we consider subgroups to be exceptional when there is some slope at some wave
that greatly differs from the slope in the population trend. We could thus dis-
cover subgroups with a sudden increase or decrease in the trend and subgroups
with completely deviating courses.

Exceptionally horizontal trends Discovering subgroups of adolescents with hor-
izontal trends in monthly alcohol use does not require a comparison between a
subgroup’s trend and the average, population trend. Therefore, θ0xt

= 0. Fur-
thermore, we define θSG

xt
= τxt

− τxt−1
to be the slope of the weighted moving

average in the subgroup (as above). In order to directly evaluate whether the
slope estimate is close to 0, we define se(θSG

xt
) = 1. Then, we first select all the

slopes that are close to zero with a certain threshold ϵ and sum the absolute
difference between these slopes and that threshold ϵ. Formally, this looks as fol-
lows: f(·) = fcountsum(ϵ) =

∑
{abs(zxt

− ϵ) | xt ∈ T ′′, zxt
< ϵ} with |T ′′| = T−2

because T waves give T − 1 weighted moving averages and T − 2 slopes. In this
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way, we favor subgroups that have many slopes that are close to zero (because
the count will be high) and distinguish between subgroups by favoring the most
horizontal ones (because the absolute difference will be high). The value for ϵ
can be chosen based on theory or by means of one of the validation methods; we
report parameter sensitivity experiments for ϵ in Section 5.3).

4.2 Validation measures

Although beam search is heuristically-guided by a quality measure, the ex-
ploratory nature of EMM-RCS may still require some additional measures to
ensure that all discovered subgroups are valid and practically relevant. In this
study, we propose to evaluate the performance of three techniques: dominance-
based pruning, the distribution of false discoveries and a minimum improvement
threshold.

Dominance-based pruning Beam search can lead to subgroup descriptions where
a certain subset of conditions has a higher quality value than the full description
itself [15]. This may happen especially with binary variables. For instance, the
description sex = female ∧ ethnic group = western may not appear in the results
list because the individual descriptions sex = female and ethnic group = western
did not have high quality (and were therefore not included in the top w subgroups
at level 1 of the search). However, the description age ≤ 14 ∧ sex = female ∧
ethnic group = western may have been discovered (because age ≤ 14 was selected
into the beam at d = 1) but with lower quality. Here, we say that a subset of
conditions (based on sex and ethnic group) dominates the original description
(based on age, sex and ethnic group) [15].

We apply a form of dominance-based pruning (DP) where we evaluate the
quality of all subgroups that can be formed based on the subsets of the conditions
of the descriptions of the top-q subgroups. In the situation that a certain subset
of conditions has a higher quality value, we will adopt it as a new description and
place it in the results list. Obviously, this means that the subgroup at position q
will be removed from the list. We consider DP to be a form of anti-redundancy as
well as subgroup validation because it removes those conditions from descriptions
that do not substantially add to the quality of the subgroup.

Distribution of False Discoveries Second, the quality values of the top-q sub-
groups are compared against a null distribution of false discoveries (DFD) [8].
The DFD is constructed as follows. First, we randomly swap the values of socio-
demographic variables between cases while keeping the information on alcohol
use intact. For instance, we exchange the values of adolescent ri (who has age
13, life satisfaction 8 and a dutch ethnicity) with the values of adolescent rj

(who has different values on these variables). Here, if adolescent rj was drinking
alcohol, we keep that information intact, which makes that drinking alcohol is
now associated with an age of 13, a life satisfaction of 8 and a dutch ethnic-
ity. In other words, the swap randomization removes the correlation between
socio-demographic variables on the one side and alcohol use on the other side.
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Next, we perform beam search on the swapped randomized dataset and store
the quality value of the best-scoring subgroup. This subgroup and associated
quality value should be considered a false discovery because the relation be-
tween the socio-demographic variables and alcohol use does not truly exist in
the swapped randomized dataset. By repeating the procedure m times, we ob-
tain m quality values which are used to construct a null distribution; the DFD.
Under the assumption that m is sufficiently large, the mean of the quality values
follows a normal distribution. It is then possible to run EMM-RCS on the non-
swapped, original dataset and compare the quality values of the top-q subgroups
against the DFD by means of a Z-test. The present study uses m = 100 and
a one-sided significance level αDFD = 0.025. Note that if m is not sufficiently
large, a p-value can be calculated non-parametrically by means of ranks.

Minimum improvement threshold per condition Third, we ensure that all condi-
tions of a subgroup description substantially add to the subgroup’s quality by
adding a minimum improvement threshold (MI) [1]. While DP removes condi-
tions that decrease the quality value of a subgroup, here we evaluate whether
every condition results in a substantial increase in quality. Although MI does
not fully dismiss the probability that any discovered pattern is a chance artifact
[27], we consider the method valuable for ensuring that every quality increase is
meaningful in practice. Therefore, the threshold was determined together with
domain experts: an increase in the proportion of adolescents that drank alcohol
in the last month that is less than 1 percent point is considered not very relevant.
Consequently, we set the threshold value to δ = 0.025 (2.5%).

5 Experimental Setup and Results

To traverse the candidate subgroup space, we employ beam search [7, Algorithm
1], with parameters w = 20, d = 3, and q = 20. One could set these parameters to
higher values, to explore more of the candidate subgroup space. Since the num-
ber of socio-demographic variables in this study is limited (k = 10), we expect
that higher settings will lead to spurious subgroups through beam pollution and
reduced interpretability of results. We dynamically discretize continuous vari-
ables using the lbca strategy with octiles from [19]. In addition to the three

Table 1: Sample size, prevalence estimate and associated standard error per year
in the entire dataset.
Survey DNSSSU HBSC DNSSSU HBSC DNSSSU HBSC DNSSSU HBSC DNSSSU
Year 2003 2005 2007 2009 2011 2013 2015 2017 2019

n 6791 5272 6234 5490 6374 5421 6232 6060 5022
PREV 0.54 0.50 0.44 0.37 0.34 0.26 0.23 0.22 0.23
se(PREV) 0.0061 0.0069 0.0063 0.0065 0.0060 0.0060 0.0054 0.0053 0.0060
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Table 2).

●

●

●

●
●

● ● ●

● ● ● ●
●

●

● ●

● ●
●

●

●

●

●
●

●

●

●

●

●

●
● ●

●
●

●
● ●

●

● ●

●

●

●

●

●

●
● ●

0.0

0.2

0.4

0.6

0.8

03/05 05/07 07/09 09/11 11/13 13/15 15/17 17/19

● ● ● ● ● ●1 2 3 4 5 D

(b) Exceptional slopes of
weighted moving average of
the prevalence: overall pop-
ulation and five exceptional
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(c) Exceptionally horizontal
weighted moving average of
the prevalence: overall pop-
ulation and four exceptional
subgroups (cf. Table 4).

Fig. 1: Exceptional trends in monthly alcohol use among Dutch adolescents for
three types of trend deviations in monthly alcohol use: (a) exceptional devia-
tions of the prevalence; (b) exceptional deviations in the course of the trend; (c)
exceptionally horizontal trends. The black line displays the population trend.

validation methods described above in Section 4.2, we apply two pruning strate-
gies to increase the diversity of the result set: a weighted coverage scheme with
γ = 0.9 [14,15] and description-based selection with a fixed size of 2w [15].

Table 1 provides an overview of the sample size, monthly prevalence of alcohol
use and associated standard error per year for the entire dataset. Overall, the
trend in alcohol shows a linear decrease from 2003 to 2015 and a stable pattern
from 2015 onward. The population trend is presented in black in Figure 1.

In the following three paragraphs, subgroups are manually split into trend
groups (columns “TG”) that share certain characteristics. From each such trend
group, we take the top (most exceptional) subgroup, and we display its trend in
the corresponding subfigure of Figure 1. Individual trends of the other subgroups
in the tables are available on our interactive dashboard.4

5.1 Exceptional prevalence deviations

In this section, we present results for social group memberships that lead to
deviations of the prevalence of monthly alcohol use between 2003 and 2019 in
the Netherlands. The original top-q = 20 discovered by beam search before the
application of any pruning strategies is listed in Table 2. DP and validation with
the DFD have not resulted in any changes in the top-20 subgroups of adolescents.
The false discoveries were distributed around a mean quality of 4.22 (SD: 0.48)
which results in a threshold value at αDFD of 5.17. Because the subgroup with
the lowest quality value has a value of 25.6, none of the top-20 subgroups are

4 We provide a link to the dashboard and additional material such as descriptive
information, missingness percentages per category per variable per year, infor-
mation on data availability, and all experimental code at https://github.com/
RianneSchouten/AlcoholTrends_HBSCDNSSSU_EMM/.

https://github.com/RianneSchouten/AlcoholTrends_HBSCDNSSSU_EMM/
https://github.com/RianneSchouten/AlcoholTrends_HBSCDNSSSU_EMM/
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Table 2: Top-20 subgroups of adolescents with exceptional deviations of the
prevalence of monthly alcohol use. Validation with a minimum improvement
threshold results in the removal of 5 conditions (in red; the quality improvement
is 1.4, 1.7, 0.4, -1.0 and 0.3 percent respectively). Three conditions narrowly
exceed the threshold with 2.6, 2.8, and 2.6 percent, respectively (in orange).
TG SG Cov Description

condition 1 condition 2 condition 3

1

1 0.11 age: 12 skipped classes: 0 urbanity: at least moderate
2 0.15 age: 12 life satisf: 7-10 skipped classes: 0
3 0.14 age: 12 life satisf: 7-10 urbanity: at least little
10 0.09 age: 12 skipped classes: 0 sex: girl

2

4 0.35 age: 12-13 skipped classes: 0 life satisf: 7-10
5 0.37 age: 12-13 skipped classes: 0 life satisf: 6-10
7 0.40 age: 12-13 skipped classes: 0
9 0.25 age: 12-13 life satisf: 6-10 urbanity: at least moderate
12 0.37 age: 12-13 life satisf: 7-10
14 0.40 age: 12-13 life satisf: 6-10
16 0.41 age: 12-13 skipped classes: 0-1
18 0.43 age: 12-13
20 0.34 age: 12-13 school level: at least vmbo-t

3 6 0.26 age: 15-16 ethnicity: dutch, western
8 0.24 age: 15-16 ethnicity: dutch

4 11 0.48 age: 14-16 ethnicity: dutch, western
15 0.44 age: 14-16 ethnicity: dutch

5
13 0.32 age: 15-16
17 0.29 age: 15-16 life satisf: 0-9
19 0.29 age: 15-16 father job: yes, don’t know

rejected. Validation with MI removes 5 conditions on socio-demographic vari-
ables. For three subgroups, the new descriptions (after removing a condition)
were similar to an existing description in the top-20, which reduced the list of
subgroups to a top-17.

Comparing the prevalence of adolescent alcohol use in the past month in
Figure 1a with the overall population, prevalence is down in two trend groups (1
and 2) and up in the other three (3, 4, and 5). The subgroups with trends below
the population trend describe adolescents who are relatively young, who do not
skip classes, who are fairly satisfied with their life, and who live in moderately
to highly urbanized areas. In the trend groups where more adolescents drink
alcohol, age is an important factor as well. Here, relatively older adolescents are
selected. Being in an older age group interacts with having a Dutch or western
ethnicity (thus excluding non-western ethnicities).

For all trend groups, the entire trend line deviates from the population trend.
Even though the quality measure focuses on a maximum deviation at any point
in time (Section 4.1), the prevalence in monthly alcohol use differs from the
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Table 3: Top-20 subgroups of adolescents with exceptional deviations in the
course of the trend in monthly alcohol use (i.e., exceptional slope deviations).
Validation with a minimum improvement threshold results in the removal of 8
conditions (in red, the quality improvement is -1.4, -2.9, -1.4, -1.5, -4.3, 2.4, 2.1,
and -2.3 percent, respectively).
TG SG Cov Description

condition 1 condition 2 condition 3

1

1 0.19 age: 12
2 0.17 age: 12 ethn.: dutch, non-western
3 0.15 age: 12 complete family: yes
4 0.17 age: 12 ethn.: dutch, non-western life satisf: 0-10
7 0.16 age: 12 ethn.: dutch, western
8 0.15 age: 12-13 life satisf: 9-10
9 0.29 age: 12-13 life satisf: 8-10
13 0.37 age: 12-13 life satisf: 7-10
17 0.41 age: 12-13 ethn.: dutch, non-western
15 0.54 age: 12-14 ethn.: dutch
20 0.53 age: 12-14 mother job: yes

2
5 0.1 urbanity: very high age: 14-16
11 0.14 urbanity: very high life satisf: 0-9
19 0.14 urbanity: very high age: 13-16

3
6 0.26 age: 15-16 school lvl: ≥ vmbo-p/t
14 0.32 age: 15-16
18 0.11 skipped classes: ≥ 1

4 10 0.23 school lvl: ≥ havo urbanity: at most moderate
5 12 0.14 age: 15-16 urbanity: at least high
6 16 0.13 school lvl: vmbo-p/t - havo ethn.: (non-)western

population prevalence at all waves (Figure 1a). Apparently, a subgroup trend
that deviates from the population trend at one particular wave likely deviates at
other occasions too. The change-over-time of alcohol use resembles that of the
population trend in all subgroups, maybe except for trend group 5 (subgroup 13);
monthly alcohol use decreases between 2003 and 2015 and flattens afterwards.

5.2 Exceptional slope deviations

This section presents results for social group memberships that lead to deviations
in the course (i.e., change-over-time) of the trend in monthly alcohol use. The
original top-q = 20 discovered by beam search before the application of any
pruning strategies is listed in Table 3. DP and validation with the DFD (mean
quality 2.55 with SD of 0.21, value at αDFD is 3.07, smallest quality value
is 3.8) does not result in any changes in the top-20 subgroups of adolescents
with exceptional trend deviations. Validation with MI indicates the removal of
8 conditions from 7 subgroups; 6 of which have a description that is similar to
another one. 14 subgroups will be remaining.
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Figure 1b presents the weighted moving average of the trends in monthly
alcohol use for five main trend groups. Note that not all subgroups in the same
trend group have similar trend values (as was the case in Section 5.1). For in-
stance, while subgroups 11 and 15 are assigned to trend group 1, they are much
larger than subgroups 1, 4, 5, and 8, and hence their trend in alcohol use will
be closer to the population trend (higher prevalence values). However, the trend
courses (i.e., change-over-time) of subgroups 11 and 15 are similar to those of
the other subgroups in trend group 1.

We find various trend shapes. Trend groups 1 and 3 (red and orange lines
in Figure 1b) decrease at a slower pace than the overall population, while trend
group 4 (blue line) decreases much faster, especially between 2009 and 2015.
Between 2003 and 2013, the slopes of trend groups 2 and 5 (purple and green
lines) are fairly close to 0, while the population trend decreases in those years.

The variation in exceptional trend courses is also reflected in the correspond-
ing social group memberships. In trend group 1, adolescents who are young and
satisfied with life are less likely to drink alcohol than the average adolescent.
Trend group 3 has a low decrease in alcohol use as well, but this concerns older
adolescents (subgroups 3 and 9) or adolescents who skip classes in school (sub-
group 12). The conditions on age in subgroups 3 and 9 and the condition on
skipped classes in subgroup 12 do not appear in a description together: they
describe two distinct social group memberships. This could indicate that these
factors singularly induce an effect on alcohol use and that there is no interplay.

In trend group 2, the urbanization degree of the area where adolescents live
has an important relation with the trend in alcohol use. In 2003, about 40% of
the adolescents who live in highly urbanized areas had drunk alcohol in the past
month. That percentage stayed stable until 2013, when it suddenly dropped to
about 20%. Similar effects occur in trend group 5 (subgroup 11), encompassing
adolescents in lower educational tracks with a non-Dutch ethnicity. An inverted
trend course is followed by trend group 4 (subgroup 6). Between 2003 and 2013
the number of adolescents who drank alcohol has decreased stronger than in the
overall population, and that decrease suddenly stopped around 2013. Here, we
find an interplay between a school level that is at least HAVO and a living area
that is at least moderately urbanized.

5.3 Exceptionally horizontal trends

This section presents results for social group memberships that lead to exception-
ally horizontal trends in monthly alcohol use. The original top-q = 20 discovered
by beam search before the application of any pruning strategies is listed in Ta-
ble 4. When ϵ is set to the prevalence points 0.005, 0.01, and 0.02, validation
with the DFD results in the rejection of 16, 10, and 3 subgroups, respectively
(out of q = 20 subgroups). In other words, when we set the threshold too strictly
(ϵ = 0.005) the found subgroups are spurious results. However, when we set the
threshold too loosely (ϵ = 0.02), we find subgroups with trends that are not
horizontal at all (for T = 9 waves, a decrease of 0.02 prevalence point per occa-
sion would allow the prevalence to drop with 0.16 over the entire measurement
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Table 4: Top-20 subgroups of adolescents with exceptionally horizontal trends
in monthly alcohol use. Validation with the DFD results in the removal of 10
subgroups (in red).
TG SG Cov Description

condition 1 condition 2 condition 3

1

1 0.09 ethnicity: non-western life satisf: 0-8 skipped classes: 0-2
3 0.09 ethnicity: non-western life satisf: 0-8 skipped classes: 0-4
4 0.08 ethnicity: non-western life satisf: 0-8 school lvl: ≤ havo/vwo
6 0.08 ethnicity: non-western age: 13-16 school lvl: ≥ vmbo-t

2
2 0.08 ethnicity: non-western age: 14-16 urbanity: ≥ moderate
15 0.09 ethnicity: non-western age: 14-16 urbanity: ≥ little
20 0.08 ethnicity: non-western age: 14-16 skipped classes: 0-2

3 5 0.10 ethnicity: non-western complete family: yes skipped classes: 0-4
11 0.10 ethnicity: non-western complete family: yes father job: yes,no

4 9 0.11 school lvl: ≥ havo/vwo ethnicity: (non)-western life satisf: 0-8
7 0.28 age: 12-13 life satisf: 8-10 skipped classes: 0-1
8 0.07 skipped classes: ≥ 1 age: 14-16 school lvl: ≤ havo/vwo
10 0.14 age: 12 ethnicity: dutch skipped classes: 0-6
12 0.30 age: 12-13 life satisf: 7-10 school lvl: ≥ vmbo-t
13 0.08 urbanity: very high school lvl: ≤ havo age: 13-16
14 0.17 age: 12-13 sex: boy school lvl: ≤ havo/vwo
16 0.08 age: 12-13 life satisf: 9-10 school lvl: ≤ havo
17 0.10 age: 12 life satisf: 6-8
18 0.36 age: 12-13 life satisf: 7-10 skipped classes: 0-1
19 0.10 sex: girl ethnicity: (non)-western skipped classes: 0-4

period; it is indeed questionable whether such a trend can be considered flat).
Therefore, we apply ϵ = 0.01 and end up with 10 subgroups.

Being a member of a non-western ethnic group is an important factor in all
trend groups. The trends in alcohol use are fairly horizontal from 2003 to 2013,
then drop, and again stay horizontal after 2015. A similar pattern was found in
Section 5.2, but there we selected adolescents who live in highly urbanized areas
or who attend a lower educational track and have a non-Dutch ethnicity (trend
groups 2 and 5 in Table 3). When we specifically search for horizontal trends,
having a non-western ethnicity turns out be the most dominant factor.

The other conditions on socio-demographic variables in Table 4 may confuse
because they seem to select the general population of adolescents. For instance,
it is likely that most adolescents have a life satisfaction between 0 and 8 and
may skip between 0 and 2 classes (subgroup 1). However, all these conditions
have passed the minimum improvement threshold. To understand the relevance
of conditions 2 and 3 in Table 4, it is useful to consider them as exclusion
criteria rather than a selection. In the population, adolescents with a non-western
ethnicity make up 15%. If, from that group, adolescents are excluded who have
a life satisfaction of 9 or 10 and have skipped at least 3 classes, subgroup 1
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contains only 9% of the adolescents. Hence, this exclusion is a reduction of 40%.
It indicates that adolescents with a non-western ethnicity who additionally have
a very high life satisfaction and skip classes do not have such a stable and
horizontal trend in alcohol use as adolescents with a non-western ethnicity who
have a low to average life satisfaction and skip maximally 2 classes.

A similar reasoning can be applied to the other subgroups; given that an ado-
lescent has a non-western ethnicity, the trend in alcohol use is not as horizontal
for those who are relatively young (age 12, 13; subgroups 2, 6, 9, 10) or who do
not live with both parents (subgroups 5, 8). A combination with conditions on
school level, degree of urbanization, and number of skipped classes may increase
this effect further. Overall, having a non-western immigration background is an
important factor for having a stable trend in alcohol use, but within this group
there are adolescents whose alcohol use is less stable.

6 Discussion and Conclusion

Analyzing societal trends is an important line of research in social sciences, as
it assesses how the behaviors, attitudes, and feelings of populations change over
periods of time and for which groups this is particularly true. Beyond scientific
interest, such insights have the potential to pinpoint directions for policies and
interventions. We demonstrate the value of deploying Exceptional Model Mining
for Repeated Cross-Sectional data (EMM-RCS) [23] as a sociological method.

Discovered subgroups of adolescents with exceptional trends in monthly al-
cohol use confirm existing knowledge.that for younger adolescents, interactions
with memberships of social groups that do not skip classes, have a high life sat-
isfaction and live in moderately to highly urbanized areas lead to a lower preva-
lence of monthly alcohol use (Section 5.1). Furthermore, EMM-RCS discovers
interactions with socio-demographic variables that provide relevant information
not only for policy makers but also as a starting point for further research. For
example, we discover a relation between ethnic background and having a hor-
izontal trend in monthly alcohol use (Sections 5.2 and 5.3). A more in-depth
understanding of subgroups of adolescents displaying stable alcohol use trends
is important; such trends may be worrisome and warrant attention.

Not for all forms of exceptional trend deviations we find evidence that there
is interplay between social group memberships. We find subgroups of older ado-
lescents and a subgroup of adolescents who skip classes whose trend decreases at
a slower pace than the population trend (cf. Section 5.2). Here, the hypothesis
that being a member of multiple social groups has a cumulative [4,10] or even an
aggravated effect on adolescent alcohol use (a.k.a. the multiple jeopardy hypoth-
esis) [6,13] cannot be accepted. This is in line with other studies that also do not
find unequivocal support for the joint effects of subgroup memberships on ado-
lescent mental health [12]. In sum, EMM-RCS serves as a hypothesis-generating
source that due to its exploratory nature works as a starting point in further
understanding the interplay between socio-demographic variables and societal
trends.
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