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Abstract

Pornography use during adolescence is a relevant issue from social, educational, and public
health perspectives. As with other behaviours, its correlates may involve complex and
nonlinear relationships. This study uses data from the 2023 Spanish Survey on Drug Use
in Secondary Education (ESTUDES), a major source for analysing potentially addictive
behaviours among adolescents in Spain because of its large sample size (original sample:
N =42,208; complete-case analytical sample: N = 33,543). Pornography use was modelled
as a binary outcome using logistic regression, XGBoost, LightGBM, and CatBoost. The
models included sociodemographic characteristics, family-related factors, parental control,
substance use, selected sexual behaviours, indicators of mental well-being, and addictive
Internet use. The four methods showed similar predictive performance. CatBoost achieved
the highest AUC and the lowest Brier score and log loss, whereas LightGBM obtained the
highest accuracy, specificity, and precision. Logistic regression yielded the highest sensitiv-
ity, negative predictive value, balanced accuracy, and F1-score. SHAP analysis identified
sex as the most influential predictor, followed by addictive Internet use, cannabis and
alcohol use, family conflict, and selected risky sexual behaviours. The findings suggest that
pornography use among adolescents forms part of a broader behavioural and psychosocial
profile. Whereas sex operated mainly as a strong direct predictor, problematic Internet
use showed substantial interactions with age and cannabis and alcohol use. This study
demonstrates how explainable machine learning can complement conventional regression
by identifying the main correlates, nonlinear patterns, and interactions associated with
adolescent pornography use.

Keywords: adolescent pornography use; addictive use of Internet; risk behaviours;
adolescent health; explainable machine learning; XGBoost; LightGBM; CatBoost; Shapley
Additive Explanations

1. Introduction

Pornography use among adolescents is a relevant research topic from educational,
social, and public health perspectives because of its multifaceted nature [1]. The expansion
of Internet access and mobile devices has made sexually explicit content readily accessible,
privately consumable, and often subject to limited supervision [2]. Understanding which
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factors are associated with adolescent pornography use is important because the literature
has linked this behaviour to several dimensions of adolescent development, including risky
sexual behaviours, psychosomatic symptoms, sexual socialisation, and inaccurate sexual
beliefs [3-5]. Longitudinal research also suggests that the onset of pornography use may be
associated with sex, age, previous sexual experience, gender-role identity, and exposure to
sexualised content on social media [6]. Identifying the factors associated with pornography
use is therefore relevant not only for describing its prevalence but also for understanding
which adolescent profiles show a greater propensity to engage in this behaviour, some of
whom may also be at greater risk of developing more frequent or problematic patterns
of use [1].

Pornography use becomes particularly concerning when it is difficult to regulate
or begins to interfere with emotional, relational, educational, or sexual functioning [7].
Evidence also suggests that high-frequency or problematic use may be associated with
cognitive-affective distress, psychosomatic symptoms, maladaptive emotion regulation,
sexual dissatisfaction, sexually aggressive attitudes, and beliefs that reinforce sex inequal-
ity [4,8,9]. An additional factor complicating the study of pornography use is that this
behaviour may occur in a context characterised by privacy, anonymity, and limited adult
oversight, often accompanied by moral disapproval and concealment of the behaviour [10].

Existing studies point to a wide range of factors potentially associated with pornog-
raphy use, including sociodemographic characteristics, family functioning, parental su-
pervision, Internet use, leisure patterns, substance use, risk behaviours, and psychological
distress [11]. Pereda and Aguila-Otero [12] report a high prevalence of intentional access
to pornography among adolescents, with significant differences according to sex and age.
Similarly, systematic reviews indicate that adolescents’ use of sexually explicit online ma-
terial is consistently associated with being male, older age, pubertal development, sexual
attitudes, peer influence, relational independence, and problematic Internet use [11,13].

As shown in Figure 1, this study considers several groups of variables that previous
research has identified as relevant to characterising pornography use among adolescents:
sociodemographic factors, family relationships and conflict, parental control inside and
outside the home, substance use, risky sexual behaviours, indicators of psychological
distress, and addictive Internet use [11,13].

Sociodemographic factors
- Sex

Family functioning - Age
- Father adolescent relationship (FREL) Mental distress
-Mother adolescent relationship (MREL) | ™ N - Psychotic episodies (MD1)
- Family conflict (FCON) - Anxiety (MD2)
.
Parental control AN

gy v ¥

- Parental home control (PHC)
-Parental outside control (POC)

" Pornography use (PORN)

Adictive use of
Substance use internet (NETADD)
- Tobacco (TOB)
-Alcohol (ALC)
-Cannabis (CAN)

Sexual behaviours
- Regretted sexual behaviours (SB1)
-Sexual relations without condom (SB2)

Figure 1. Conceptual groundwork used in this paper.

Large population-based datasets make it possible to analyse these factors robustly
and compare their relative importance. Accordingly, this study examines pornography
use among adolescents using data from the 2023 Spanish Survey on Drug Use in Sec-
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ondary Education (ESTUDES 2023), conducted by the Spanish Observatory on Drugs and
Addictions [14]. Its objective is to identify the main personal, family-related, digital, and be-
havioural factors associated with intentional pornography use among Spanish adolescents.
ESTUDES is part of a biennial survey programme conducted by the OEDA to monitor
addictive behaviours among Spanish adolescents and constitutes a key reference source for
their study in Spain [1].

Research on potentially problematic behaviours during adolescence has traditionally
relied on conventional statistical methods, particularly linear and logistic regression. This
pattern is also evident in research on adolescent pornography use, both in studies applying
linear regression [4,15,16] and in those using logistic regression [1,17-19]. The present study
combines logistic regression with tree-based ensemble learning methods, which generally
have a greater capacity to capture nonlinear relationships and complex interactions among
variables. Specifically, three gradient boosting methods are employed: Extreme Gradient
Boosting (XGBoost) [20], Light Gradient Boosting Machine (LightGBM) [21] and Categorical
Boosting (CatBoost) [22].

Gradient boosting models are particularly useful for predicting and explaining human
behaviour [23] and have recently demonstrated their value in analysing potentially prob-
lematic behaviours during adolescence. Applications include the prediction of addictive
Internet use using LightGBM and CatBoost [24], smartphone addiction using XGBoost
and LightGBM [25,26], and substance use or susceptibility to e-cigarette use using XG-
Boost [27,28]. However, to the best of our knowledge, these techniques have not yet been
applied to the analysis of pornography use among adolescents. Nor has the potential
predictive advantage of machine-learning methods been sufficiently assessed using major
Spanish datasets on adolescent behaviour, such as ESTUDES 2023 [14], whose findings
provide an important source of evidence for the design and evaluation of public policies in
Spain. Consequently, the first research question is formulated as follows:

RQ1: How does the predictive performance of gradient boosting models compare
with that of logistic regression when applied to ESTUDES 2023 data?

In behavioural research, analytical techniques should provide not only adequate
predictive performance but also interpretability. Beyond achieving strong predictive perfor-
mance, an analysis should identify which variables are relevant and which are secondary
or even negligible in predicting the behaviour under examination. For this purpose,
the present study uses Shapley Additive Explanations (SHAP) [29], which have already
demonstrated their usefulness in improving the understanding of potentially problem-
atic behaviours during adolescence [24,25,28]. Accordingly, a second research question
is proposed:

RQ2. Which predictors make the greatest contribution to predicting pornography use
among adolescents, and how do their predictive contributions interact within the model?

Unlike logistic regression odds ratios, which summarise the overall association be-
tween each predictor and the outcome, SHAP enables predictions to be interpreted both
globally, as required to address RQ2, and at more specific levels, including individual
observations. This property makes it possible to examine not only the overall importance
of a correlate but also whether its predictive importance varies according to factors tradi-
tionally considered potential moderators of adolescent behaviour, such as sex [30,31] and
age [32,33]. This issue is particularly relevant because, although the literature identifies
both characteristics as two of the most consistent predictors of pornography use during
adolescence [1], their role may not be limited to direct effects but may also involve inter-
actions with other predictors. The relative predictive importance of other correlates may
differ across sex and age groups [34]. Consequently, a third research question is formulated:
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RQ3. To what extent does the predictive importance of the proposed correlates vary
according to adolescents’ sex and age?

Although the present study does not propose a new machine-learning algorithm,
it makes both a methodological contribution to computational social science and a sub-
stantive contribution to research on adolescent risk behaviours. Studies in this field have
traditionally relied mainly on conventional regression models, whereas the use of explain-
able machine-learning approaches remains comparatively limited. From a computational
social science perspective, the methodological contribution lies in implementing a rigor-
ous and reproducible analytical framework that integrates logistic regression, multiple
ensemble tree-based models, formal statistical comparisons of predictive performance,
calibration assessment, robustness analyses, missing-data sensitivity analysis, and global,
interaction-based, and local SHAP explanations. This study applies this framework to
predict adolescent pornography use using ESTUDES 2023, a large and widely used Spanish
survey that has been scarcely exploited through machine-learning techniques. The com-
parison provides evidence on both the potential and the limits of these methods: XGBoost,
LightGBM, and CatBoost produced statistically significant improvements in discrimination
and probabilistic accuracy, but the absolute gains over logistic regression were modest.
Thus, the findings show that ensemble methods can provide additional predictive value
while also indicating that logistic regression remains a competitive and interpretable ap-
proach for this particular problem. More broadly, the proposed analytical framework
illustrates how explainable machine learning can be used to analyse large-scale social
survey data while preserving predictive rigour and substantive interpretability, and it may
be extended to other problematic adolescent behaviours, including substance use, risky
sexual behaviour, and problematic digital-media use.

To address these questions, the remainder of the article is structured as follows. First,
the conceptual framework underpinning the selection of variables is presented. The sample,
variables, and analytical methodology are then described, followed by the empirical results.
Finally, the article concludes with a discussion of the findings, their implications, the study’s
limitations, and directions for future research.

2. Materials and Methods
2.1. Conceptual Groundwork

As shown in Figure 1, adolescents’ self-reported pornography use (PORN) is associated
with seven groups of variables. The first block of correlates comprises adolescents’ sex
and age. The literature identifies both factors as particularly consistent predictors of
pornography use during adolescence. Systematic reviews show that the use of sexually
explicit online material is consistently associated with being male and with older age or
more advanced pubertal development [11,13]. In the Spanish context, Pereda and Aguila
Otero [12] also report significant sex- and age-related differences in intentional access
to pornography. Moreover, longitudinal studies indicate that boys are more likely to
initiate pornography use and that developmental factors, such as age and previous sexual
experience, are involved in this initiation process [6]. Sex and age are therefore considered
not merely basic sociodemographic variables, but central dimensions for understanding
the heterogeneity of adolescent pornography use [1].

The second block concerns family functioning. The family constitutes one of the
primary contexts of socialisation during adolescence and may be associated with lower
or higher levels of pornography use. Greater family cohesion, closer parent-adolescent
relationships, and open communication are associated with lower exposure to pornography,
whereas family conflict, poorly structured family environments, and low perceived support
are related to higher levels of use [35]. Similarly, it has been reported that a positive
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intrafamilial environment is associated with lower pornography use, whereas negative
family environments and relational independence are associated with higher use [16].

The third block includes parental control. These variables are incorporated because
adolescent pornography use commonly occurs in private digital environments, where
family regulation may be more difficult, although by no means irrelevant. From the
perspective of the Differential Susceptibility to Media Effects Model, parental monitoring
has been shown to be negatively associated with problematic outcomes related to the use
of sexually explicit material, while higher levels of parental supervision are associated with
less frequent use and lower acceptance of sexual permissiveness [36]. Various reports have
also highlighted the importance of parental supervision of Internet exposure and of family
attitudes towards pornography and sexuality [37].

The fourth block comprises substance use. The inclusion of these variables is justified
because pornography use is frequently associated with adolescent lifestyles characterised
by greater experimentation, sensation seeking, and exposure to risk [13]. Adolescents
who intentionally access pornography have been reported to engage more frequently in
risk behaviours, including alcohol use [12]. Farré et al. [34] find that pornography use is
associated with higher levels of substance use.

The fifth block comprises variables related to sexual experience and risk-taking in
sexual practices. The literature suggests that pornography use may be connected to adoles-
cent sexual socialisation, both as a source of sexual information and through its association
with sexual attitudes and behaviours. Exposure to sexually explicit websites is associated
with greater sexual permissiveness, a higher number of sexual partners, and certain sexual
practices [3]. Drawing on the sexual script acquisition, activation, and application model,
research has shown that pornography use and dependence are associated with inaccurate
sexual beliefs among adolescents [5]. Variables concerning specific sexual practices, such
as engaging in sexual relations that the adolescent subsequently regrets or failing to use a
condom, may therefore be relevant for capturing the relationship between pornography
use and sexual behaviour.

The sixth block incorporates indicators of psychological distress. Their inclusion is
justified because part of the literature links high-frequency or problematic pornography use
to emotional difficulties, psychosomatic symptoms, and maladaptive emotion-regulation
strategies. Longitudinal studies have reported that more frequent pornography use is asso-
ciated with psychosomatic symptoms, although its relationship with depressive symptoms
appears to be more complex [4]. Models of problematic use describe pornography use
as a behaviour that, among some adolescents, may be characterised by impaired control,
salience, use for mood modification, and persistence despite negative consequences [38].
Other studies indicate that relief from psychological stress and coping with negative emo-
tions may serve as motives for pornography use [8]. The inclusion of indicators of anxiety,
emotional distress, and psychological difficulties therefore makes it possible to examine
whether pornography use is associated with profiles of greater emotional vulnerability
among adolescents, without assuming that all pornography use is necessarily problematic.

The seventh block concerns addictive Internet use. Its inclusion is motivated by the
fact that pornography is predominantly accessed in digital environments and may form
part of broader patterns of intensive, dysregulated, or difficult-to-control Internet use [13].
The systematic review conducted by Chaise et al. [11] identifies Internet addiction as one of
the factors associated with adolescents’ use of sexually explicit material. A preference for
viewing pornography online has also been found to be associated with addictive Internet
use [39,40]. The relationship between these behaviours may reflect an overlap in difficulties
with behavioural self-control, as dysfunctional Internet use is associated with greater
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exposure to online pornography, while impulsivity and sensation seeking have been linked
to both pornography use and problematic pornography use [41].

2.2. Sampling and Demographic Characteristics of the Sample

The study uses secondary data from the 2023 Spanish Survey on Drug Use in Sec-
ondary Education (ESTUDES 2023) [14], a cross-sectional, descriptive, nationwide survey.
The target population comprised students aged 14-18 enrolled in compulsory secondary
education, upper secondary education, intermediate-level vocational training, or basic
vocational education. Exceptionally, 19-year-old students who remained enrolled in these
programmes were also included.

A two-stage, stratified cluster sampling design was employed. Stratification was
based on the autonomous community or autonomous city, school ownership, and type of
educational programme. In the first stage, schools were randomly selected; in the second
stage, classrooms within those schools were selected. The questionnaire was administered
to all students present in the selected classrooms on the day of data collection. The national
sample comprised 42,208 students from approximately 2000 classrooms and more than
800 schools. Using Cochran’s formula and assuming p = q = 0.5, the sampling error for
Spain as a whole was estimated at £0.5% at the 95% confidence level.

Data were collected through a self-administered questionnaire completed collectively
and in person in the classroom. Depending on the autonomous community, the question-
naire was available in Spanish, Catalan, Valencian, Basque, and Galician. Participation was
fully anonymous, and no personally identifying information was collected. This procedure
yielded a large and representative sample of students enrolled in secondary education in
Spain, while the anonymous survey format was intended to facilitate candid responses
to sensitive questions concerning pornography and substance use. Table 1 presents the
sociodemographic composition of the sample.

Table 1. Sample characteristics.

Variable Category n %
Sex Male 21,247 50.34
Female 20,961 49.66
Year of birth 2004 1450 3.44
2005 9454 22.4
2006 10,665 25.27
2007 10,928 25.89
2008 9684 22,94
2009 27 0.06
Country of birth Spain 38,570 91.38
Foreign country 3463 8.2
Missing 175 0.41
Language Spanish 34,317 81.3
Catalan 3817 9.04
Valencian 1402 3.32
Basque 1303 3.09
Galician 1369 3.24
Municipality size Fewer than 10,000 inhabitants 5757 13.64
10,000-100,000 inhabitants 19,953 47.27
100,001-400,000 inhabitants 10,728 25.42
More than 400,000 inhabitants 5770 13.67
Education level Compulsory secondary education 23,157 54.86
Upper secondary education 15,123 35.83
Intermediate vocational training 1177 2.79
Advanced vocational training 2751 6.52
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2.3. Items Used, Data Preprocessing, and Variable Measurement

Table 2 presents the items used to measure each group of variables, the wording of the
corresponding questions, their coding, and the observed absolute and relative frequencies.
Regarding the outcome variable, 16,731 adolescents, representing 39.60% of the original
sample, reported having viewed or used pornography during the previous 30 days, whereas
22,025 (52.20%) reported that they had not, and 3452 (8.18%) had missing information.
The sample was almost evenly distributed by sex, with 50.34% male and 49.66% female
participants. Most participants were aged between 15 and 18 years, an age range that
accounted for 96.50% of the original sample.

The first step in the analysis was to determine the final analytical sample. We first
excluded 3452 participants who had not provided information on pornography use, leaving
38,756 adolescents with observed values for the outcome variable. Of these, 33,543 (86.55%)
had complete information for all predictors and were included in the main analytical
sample. Complete information was required for all variables except the items used to
construct the Internet-use index. For this composite measure, participants were required
to have answered at least 7 of the 14 items. Overall, 8665 of the 42,208 adolescents in the
original sample were excluded: 3452 because pornography-use information was missing
and a further 5213 because at least one predictor was unavailable.

The final analytical sample therefore comprised 33,543 complete observations. Despite
this reduction, the nominal margin of error remained small under the assumption of simple
random sampling. Applying Cochran’s formula at the 95% confidence level and assuming
maximum variability (p = q = 0.5), the estimated margin of error was approximately £0.54%,
under the assumption of simple random sampling.

As shown in Table Al in Appendix A, differences between included and excluded
participants were generally limited. All absolute standardised mean differences were
below 0.25. The largest difference concerned cannabis use, which was higher among
excluded participants (mean = 1.522) than among included participants (mean = 0.994;
SMD = —0.230). Excluded participants also reported slightly higher tobacco and alcohol
use, regretted sexual intercourse, intercourse without a condom, and self-reported psychotic
episodes. They were also somewhat more likely to be male and reported slightly less
favourable relationships with their parents. Pornography use was reported by 46.88% of
excluded participants and 42.59% of included participants, although the corresponding
standardised difference was negligible (SMD = —0.087). Overall, these results suggest
that the complete-case analysis may have slightly underrepresented adolescents with
higher-risk behavioural profiles, although most differences were small.

The variables measuring Internet use require specific consideration. A composite
NETADD score was calculated as the mean of 14 items (NETADD1-NETADD14), using
all available responses provided that at least 7 items had been answered. Valid NETADD
scores were obtained for 40,744 participants (96.53%), whereas 1464 observations (3.47%)
had missing values. The resulting index had a mean of 1.29 and a standard deviation of 0.81.
The composite score, which could range from 0 to 4, was subsequently normalised to the
[0, 1] interval. The internal consistency of the 14-item scale was assessed using Cronbach’s
alpha, which yielded a value of 0.965, indicating excellent reliability. NETADD should be
interpreted as a self-reported index of problematic Internet use rather than as a clinical
diagnosis of Internet addiction.
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Table 2. Variables and items used in the analysis: definitions, coding, and descriptive statistics.

Domain Varlab.le fmd Survey Item Coding and Descriptive Statistics, n (%)
Description
Outcome Pornography use OH;‘;Q i’;uh“ssir?; “;V;"l’:s . 0 = No: 22,025 (52.20%); 1 = Yes: 16,731
(PORN) pornography 8 (39.60%); Missing: 3452 (8.18%)
30 days?
Adolescent’s Sex 0 = Male: 21,247 (50.34%);
(SEX) Sex of the adolescent 1 = Female: 20,961 (49.66%)
Sociodemographic , 14 years: 27 (0.06%); 15 years: 9684 (22.94%);
factors Adolescent’s Age Adotlﬁzclintoil?eg(ie, zzlrcziici?}fmm 16 years: 10,928 (25.89%); 17 years: 10,665
(AGE) P Y ' (25.27%); 18 years: 9454 (22.40%); 19 years:

AGE = 2023 — year of birth

1450 (3.44%)

Family functioning

Father-Adolescent
Relationship (FREL)

How would you describe your
relationship with your father?

0 = No father: 1495 (3.54%); 1 = Low or very
low closeness: 1709 (4.05%); 2 = Moderate
closeness: 6866 (16.27%); 3 = High or very

high closeness: 30,600 (72.50%); Missing:
1538 (3.64%).

Mother—Adolescent
Relationship (MREL)

How would you describe your
relationship with your mother?

0 = No mother: 448 (1.06%); 1 = Low or very
low closeness: 885 (2.10%); 2 = Moderate
closeness: 5170 (12.25%); 3 = High or very
high closeness: 34,408 (81.52%); Missing:
1297 (3.07%).

Family Conflict
(FCON)

During the last 12 months, have
you had a major conflict or
argument with your parents
or siblings?

0 = No: 24,942 (59.09%); 1 = Yes: 16,234
(38.46%); Missing: 1032 (2.45%)

Parental control

PHC—Parental
Home Control

My parents establish clear rules
about what I am allowed to do
at home

0 = Sometimes, rarely, or never: 25,320
(59.99%); 1 = Always or almost always:
15,586 (36.93%); Missing: 1302 (3.08%).

My parents establish clear rules

0 = Sometimes, rarely, or never: 21,119

Pélg)er?tiacilc()l;l(t)s éc;e about what I am allowed to do (50.04%); 1 = Always or almost always:
outside the home 19,698 (46.67%); Missing: 1391 (3.30%).
During the last 30 days, how 0 = Never: 33,7.86 (80.05 /0()),' 1. = Less than one
Tobacco Use (TOB) frequently have you day per week: 2464 (5.84%); 2 = Some days
smoked ciearettes? per week, but not daily: 2389 (5.66%);
& ’ 3 = Daily: 2880 (6.82%); Missing: 689 (1.63%)
0 = No weekends: 21,537 (51.03%);
Number of weekends on which 1 =1 weekend: 7809 (18.50%);
the adolescent consumed 2 =2 weekends: 6110 (14.48%);
Alcohol Use (ALC) alcoholic beverages during the 3 =3 weekends: 3151 (7.47%);
Substance use last 30 days 4 = Every weekend: 2974 (7.05%);
Missing: 627 (1.49%)
0 = No days: 31,268 (74.08%); 1 = 1 day: 1581
(3.75%); 2 = 2 days: 834 (1.98%); 3 = 3 days:
On how many days in your 738 (1.75%); 4 = 4-5 days: 966 (2.29%);
Cannabis Use (CAN) lifetime have you used hashish 5=6-9 days: 746 (1.77%); 6 = 10-19 days:

or marijuana?

953 (2.26%); 7 = 20-39 days: 774 (1.83%);
8 = 40 days or more: 2080 (4.93%); Missing;:
2268 (5.37%)

Sexual behaviours

Sexual behaviour 1

I have had sexual intercourse that

0 =No: 38,009 (90.05%); 1 = Yes: 3049 (7.22%);

(SB1) I regretted the following day Missing: 1150 (2.72%)
Sexual behaviour 2 I have had sexual intercourse 0 =No: 34,745 (82.32%); 1 = Yes: 6316
(SB2) without using a condom (14.96%); Missing: 1147 (2.72%)
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Table 2. Cont.

Domain

Variable and
Description

Survey Item

Coding and Descriptive Statistics, n (%)

Mental distress

Mental distress 1

I have experienced a psychotic
episode, such as hallucinations

0 =No: 39,555 (93.72%); 1 = Yes: 1425 (3.38%);

(MD1) or delusions Missing: 1228 (2.91%)
Mental distress 2 I'have experienced an 0 =No: 27,419 (64.96%); 1 = Yes: 13,664
(MD2) anxiety attack (32.37%); Missing: 1125 (2.67%)

Addictive use of

Internet Use Index

Composite index calculated as the
mean of NETADD1-NETADD14.
The mean was calculated when at

Item range: 0—4. Valid observations: 40,744
(96.53%); Missing: 1464 (3.47%); Mean = 1.29;

Internet (NETADD) least seven valid responses SD = 0.810; Cronbach’s alpha = 0.96.
were available
Difficulty Stopping How often have you found it 0= Neov er: 7062 (16'.73 %); 1 = Rarely: 9912
i . (21.35%); 2 = Sometimes: 13,257 (31.41%);
Internet Use difficult to stop using the Internet 3 = Often: 7777 (18.43%); 4 = Very frequently:
(NETADD1) once you were online? B ) S070), % = VeTy red ¥

3645 (8.64%); Missing: 1455 (3.45%)

Continued Internet
Use Despite Wanting
to Stop (NETADD?2)

How often have you remained
online despite wanting to stop?

0 = Never: 11,624 (27.54%); 1 = Rarely: 9406
(22.28%); 2 = Sometimes: 10,025 (23.75%);
3 = Often: 6488 (15.37%); 4 = Very frequently:
3080 (7.30%); Missing: 1585 (3.76%)

Advice to Reduce
Internet Use
(NETADD3)

How often have your parents or
friends told you that you should
spend less time online?

0 = Never: 9095 (21.55%); 1 = Rarely: 10,193
(24.15%); 2 = Sometimes: 10,822 (25.64%);
3 = Often: 6707 (15.89%); 4 = Very frequently:
3430 (8.13%); Missing: 1961 (4.65%)

Preference for
Internet over Social

How often do you prefer going
online rather than spending time

0 = Never: 14,400 (34.12%); 1 = Rarely: 13,411
(31.78%); 2 = Sometimes: 8107 (19.21%);

Interaction with other people, such as parents 3 = Often: 3052 (7.23%); 4 = Very frequently:
(NETADD4) or friends? 1345 (3.19%); Missing: 1893 (4.48%)
Sleep Loss Due to 0 = Never: 13,660 (32.36%); 1 = Rarely: 10,870
P How often do you sleep less (25.75%); 2 = Sometimes: 8717 (20.65%);
Internet Use I, . L) .
(NETADDS) because you are online? 3 = Often: 4811 (11.40%); 4 = Very frequently:
2382 (5.64%); Missing: 1768 (4.19%)
Internet How often do you find yourself 0= Neveor: 16,375 (38'7.9 P); 1 = Rarely: 102'894
. o (30.55%); 2 = Sometimes: 7131 (16.90%);
Preoccupation thinking about the Internet even 3 = Often: 2872 (6.80%); 4 = Very frequently:
(NETADD®6) when you are not online? B ’ OV v0); %= Very treq y:

1161 (2.75%); Missing: 1775 (4.21%)

Desire to Go Online
(NETADD?)

How often do you look forward
to going online?

0 = Never: 11,784 (27.92%); 1 = Rarely: 12,888
(30.53%); 2 = Sometimes: 10,023 (23.75%);
3 = Often: 4308 (10.21%); 4 = Very frequently:
1445 (3.42%); Missing: 1760 (4.17%)

Perceived Need to
Reduce Internet Use

How often do you think that you
should use the Internet less?

0 = Never: 8484 (20.10%); 1 = Rarely: 10,042
(23.79%); 2 = Sometimes: 12,258 (29.04%);
3 = Often: 6575 (15.58%); 4 = Very frequently:

(NETADDS) 3039 (7.20%); Missing: 1810 (4.29%)
Failed Attempts to How often have you tried to 0= Neveor: 15,201 (36'0.1 o); 1 = Rarely: 100’715
. . . (25.39%); 2 = Sometimes: 8883 (21.05%);
Reduce Internet Use  spend less time online but failed ) N )
(NETADD) to do s0? 3 = Often: 3842 (9.10%); 4 = Very frequently:
1676 (3.97%); Missing: 1891 (4.48%)
- 0 = Never: 14,485 (34.32%); 1 = Rarely: 11,364
Rushing Tasks to Go How oiten 1(*11? yo&lr?sh to ﬁElSh (26.93%); 2 = Sometimes: 8805 (20.86%);
Online (NETADD10) your work so that you ca 3 = Often: 3924 (9.30%); 4 = Very frequently:

go online?

1716 (4.07%); Missing: 1914 (4.53%)
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Table 2. Cont.
Domain Varlab.le fmd Survey Item Coding and Descriptive Statistics, n (%)
Description
Neglect of Hr‘;:" 8&;%i‘;g:‘;3:§f;t 0 = Never: 15,551 (36.84%); 1 = Rarely: 11,676
Obligations Due to SChOOﬁNOI‘k or s eln dine time (27.66%); 2 = Sometimes: 8207 (19.44%);
Internet Use with vour famil P becauge ou 3 = Often: 3418 (8.10%); 4 = Very frequently:
(NETADD11) 4 Ly, because y 1573 (3.73%); Missing: 1783 (4.22%)
prefer going online?
0 = Never: 9465 (22.42%); 1 = Rarely: 7708
Int;ez:le;;U]sjeoaien How often do you go online when (18.26%); 2 = Sometimes: 10,198 (24.16%);
(NET AgDDlz) you are feeling down? 3 = Often: 8136 (19.28%); 4 = Very frequently:
4909 (11.63%); Missing: 1792 (4.25%)
Internet Use to How often do vou 2o online to 0 = Never: 11,876 (28.14%); 1 = Rarely: 8240
Escape Negative oroot Oui Wogmes o (19.52%); 2 = Sometimes: 8671 (20.54%);
Feelings nge a};ive feelings? 3 = Often: 6695 (15.86%); 4 = Very frequently:
(NETADD13) & 88 4609 (10.92%); Missing: 2117 (5.02%)
Distress When How often do vou feel restless 0 = Never: 19,933 (47.23%); 1 = Rarely: 11,126
Unable to Use the A ! (26.36%); 2 = Sometimes: 5579 (13.22%);
frustrated, or irritated when you o
Internet cannot use the Internet? 3 = Often: 2259 (5.35%); 4 = Very frequently:
(NETADD14) ) 1394 (3.30%); Missing: 1917 (4.54%)

2.4. Data Analysis

The data analysis was conducted in five stages. First, the 33,543 complete observa-
tions comprising the main analytical sample were divided into training and independent
test samples using joint stratification by pornography use and sex. This procedure pre-
served both the sex distribution and the proportion of positive and negative cases. A
total of 26,833 observations (80%) were allocated to the training sample, while the remain-
ing 6710 observations (20%) were reserved for the final assessment of predictive perfor-
mance. The test sample was not used for model estimation, hyperparameter selection, or
early stopping.

In the final analytical sample, 19,256 adolescents (57.41%) had not used pornography
during the previous 30 days, whereas 14,287 (42.59%) had done so. Given the relatively
balanced distribution of the outcome, no oversampling, undersampling, synthetic data
generation, or differential class weighting was applied. Pornography use was treated as
the positive class throughout the analysis.

In the second stage, four predictive models were developed using the training sample:
logistic regression, XGBoost [20], LightGBM [21], and CatBoost [22]. Logistic regression was
included as an interpretable statistical benchmark, allowing its coefficients to be reported as
odds ratios with 95% confidence intervals. For logistic regression, XGBoost, and LightGBM,
non-binary predictors were rescaled to the [0, 1] interval using their predefined ranges,
whereas binary predictors remained unchanged. Consequently, the odds ratios of non-
binary predictors represent the change associated with moving from the minimum to the
maximum of the corresponding scale. CatBoost was estimated using the original coding of
the variables, with binary predictors explicitly identified as categorical features.

Hyperparameter selection for the three boosting algorithms was performed exclusively
within the training sample using five-fold cross-validation jointly stratified by pornography
use and sex. The search ranges were selected to cover commonly used values from relatively
conservative to moderately complex model specifications, while keeping the computational
burden manageable and applying the same number of candidate configurations to each
boosting algorithm. The same folds were used for all candidate configurations to ensure
comparability. For XGBoost, 48 configurations were evaluated by combining learning rates
of 0.03, 0.05, and 0.10; maximum tree depths of 3, 4, 5, and 6; minimum child weights of
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1 and 5; and subsample proportions of 0.70 and 0.90. The proportion of predictors used in
each tree was fixed at 0.80, gamma at 0, L2 regularisation at 1, and L1 regularisation at 0.

For LightGBM, 48 configurations were formed by combining learning rates of 0.03,
0.05, and 0.10; maximum numbers of leaves of 7, 15, 31, and 63; minimum numbers of
observations per leaf of 20 and 50; and feature fractions of 0.70 and 0.90. The bagging
fraction was fixed at 0.80 and the bagging frequency at one.

For CatBoost, 48 configurations were evaluated by combining learning rates of 0.03,
0.05, and 0.10; tree depths of 4, 5, 6, and 7; L2 leaf regularisation values of 3 and 10; and
bagging temperatures of 0 and 1. Bayesian bootstrapping, symmetric trees, a random-
strength parameter of 1, and a feature-sampling proportion of 1 were used. For all three
boosting algorithms, a maximum of 1000 iterations was allowed, and early stopping was
applied after 30 rounds without improvement.

The primary model-selection criterion was the mean cross-validated area under the
receiver operating characteristic curve (AUC). When configurations produced similar AUC
values, lower log loss and Brier scores were used as secondary criteria, followed by lower
model complexity. Once the optimal configuration had been identified, each boosting
algorithm was refitted using the complete training sample and the selected number of
boosting iterations.

In the third stage, the four models were evaluated once on the independent test sample.
Class predictions were obtained using a probability threshold of 0.50. Discrimination
was evaluated using AUC, while classification performance was assessed using accuracy,
sensitivity, specificity, precision, negative predictive value, balanced accuracy, and the
F1-score. The Brier score and log loss were used to assess probabilistic accuracy. Calibration
was examined through the calibration intercept, calibration slope, expected calibration
error based on ten equal-width probability intervals, and calibration plots constructed from
deciles of predicted risk.

Pairwise differences in AUC were tested using DeLong’s procedure. Differences
in classification accuracy at the 0.50 threshold were examined using paired McNemar
tests. Holm correction was applied separately to the pairwise DeLong and McNemar
comparisons to control for multiple testing. These analyses addressed RQ1.

In the fourth stage, several robustness and sensitivity analyses were conducted. First,
five-fold cross-validation was repeated within the original training sample using ten differ-
ent random seeds, while retaining the selected hyperparameters and number of boosting
iterations. The independent test sample remained untouched during this robustness anal-
ysis. This analysis evaluated the stability of performance with respect to changes in fold
composition and stochastic model training. Out-of-fold AUC, Brier score, log loss, and
threshold-dependent classification metrics were calculated for each seed.

The potential influence of missing predictor data was evaluated. Adolescents included
in the complete-case analysis were compared with those who had observed pornography-
use data but at least one missing predictor using standardised mean differences. Multiple
imputation by chained equations was then conducted as a sensitivity analysis among the
38,756 adolescents with observed values for pornography use. The dependent variable was
not imputed. Ten imputed datasets were generated using predictive mean matching for
ordinal or numerical predictors and logistic regression imputation for binary predictors.
The same logistic regression model was estimated in every imputed dataset, and the
coefficients were combined using Rubin’s rules. The pooled estimates were compared with
those obtained from the 33,543 complete cases.

Variance inflation factors were obtained from the complete-case logistic regression
model to assess potential multicollinearity among the predictors.
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In the fifth stage, the boosting model showing the best overall combination of test-set
performance metrics was selected for the interpretability analysis using SHAP [29], with
primary consideration given to AUC, the Brier score, and log loss. The selected model was
the version fitted exclusively on the training sample and was not refitted using either the
test observations or the full analytical sample. SHAP values were subsequently calculated
for all 6710 observations in the independent test sample. Each SHAP value represents
the contribution of a predictor to the model output for a specific observation. For the
binary classification model, these contributions were obtained on the raw model-output
scale. Positive SHAP values increase the model output and, consequently, the predicted
probability of pornography use, whereas negative values decrease it. Global predictive
importance was quantified as the mean absolute SHAP value of each predictor, and the
distribution, magnitude, and direction of individual contributions were represented using
a beeswarm plot.

SHAP dependence plots were produced for the most influential predictors to examine
potential nonlinearities and conditional patterns. Global feature-interaction strengths
were estimated using the native SHAP interaction procedure of the selected gradient
boosting model. Dependence plots were coloured according to the predictor showing the
strongest interaction with the focal variable. Finally, local explanations were generated for
representative true-positive, true-negative, false-positive, and false-negative classifications
to illustrate how predictor contributions combined in individual predictions. These analyses
addressed RQ2.

To evaluate heterogeneity in predictive contributions, mean absolute SHAP values
were compared between male and female adolescents, excluding the SHAP contribution of
sex itself. Differences across age groups were examined after excluding the contribution of
age. Welch's t-tests and Cohen’s d were used for the comparisons by sex, whereas analysis
of variance and eta squared were used for the comparisons across age groups. Given the
large sample size, the substantive interpretation focused primarily on effect sizes and the
stability of predictor rankings rather than on statistical significance alone. These analyses
addressed RQ3.

All analyses were conducted in R 4.4.2 on a Windows 10 64-bit computer equipped
with an 11th-generation Intel Core i5-1135G7 processor, four physical cores, eight logical
cores, and 15.6 GB of RAM. Four processing threads were used. The main packages
included xgboost 3.1.3.1, lightgbm 4.6.0, catboost 1.2.10, pROC 1.19.0.1, mice 3.19.0, car 3.1.3,
dplyr 1.1.4, and ggplot2 4.0.1. Model-fitting times were measured over five repeated fits
after an initial warm-up, using the selected hyperparameters and excluding preprocessing
and tuning. The time required to calculate CatBoost SHAP values was measured over
three repetitions after an initial warm-up. The random seed used for the principal sample
partition and cross-validation procedure was 123.

3. Results
3.1. Logistic Regression Results

After dividing the sample into training and test subsamples (Step 1), LR was estimated
using the same training sample employed for the gradient boosting models (N = 26,833).
The results are reported in Table 3. It provided a statistically significant improvement in fit
over the null model (x? = 11,018, p < 0.001). Nagelkerke’s pseudo-R? of 0.376 indicates a
moderate level of explanatory performance.

SEX showed the strongest association with pornography use. Because it was coded
as 0 = male and 1 = female, its odds ratio (OR) of 0.072 (p < 0.001) indicates that the
odds of pornography use among female adolescents were 92.8% lower than among male
adolescents. NETADD also showed a particularly strong positive association: an increase
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from its minimum to its maximum value multiplied the odds of pornography use by 5.307
(p <0.001).

Table 3. Logistic regression results for adolescent pornography use.

Variable b SE z-Ratio p-Value OR 95% CI for OR
Intercept 0.011 0.100 0.11 0.915 1.011 0.831-1.229
SEX —2.631 0.032 —82.87 <0.001 0.072 0.068-0.077
AGE 0.345 0.061 5.68 <0.001 1412 1.253-1.590
FREL —0.136 0.086 -1.59 0.111 0.873 0.738-1.032
MREL —0.122 0.060 —2.03 0.042 0.885 0.787-0.996
FCON 0.314 0.031 10.28 <0.001 1.369 1.289-1.454
PHC —0.032 0.030 -1.07 0.286 0.969 0.914-1.027
POC —0.048 0.029 —1.65 0.098 0.953 0.901-1.009
TOB —0.070 0.065 —1.08 0.280 0.932 0.820-1.059
ALC 0.695 0.050 14.00 <0.001 2.004 1.818-2.209
CAN 0.670 0.067 10.00 <0.001 1.955 1.714-2.229
SB1 0.247 0.055 4.47 <0.001 1.280 1.148-1.426
SB2 0.218 0.042 5.18 <0.001 1.244 1.145-1.351
MD1 —0.036 0.078 —0.47 0.639 0.964 0.828-1.123
MD2 0.059 0.034 1.74 0.081 1.061 0.993-1.133
NETADD 1.669 0.072 23.23 <0.001 5.307 4.610-6.109

Note. N = 26,833, b = coefficient, SE = standard error, OR = odds ratio and CI = interval coefficient. The likelihood-
ratio test indicated that the model was statistically significant, likelihood ratio test x>(15) = 11,018, p < 0.001.
The log-likelihood values were —17,371.97 for the estimated model and —22,880.83 for the null model. Model
fit statistics were AIC = 34,775.94 and BIC = 34,910.67. The pseudo—R2 values were 0.241 (McFadden), 0.280
(Cox-Snell), and 0.376 (Nagelkerke).

Among the other statistically significant variables, alcohol use (OR = 2.004, p < 0.001)
and cannabis use (OR = 1.955, p < 0.001) showed the largest associations. Older age
was also associated with higher odds of pornography use (OR = 1.412, p < 0.001), as
was family conflict (OR = 1.369, p < 0.001). Certain sexual behaviours were also rele-
vant, including having had sexual intercourse that the adolescent regretted the following
day (OR =1.280, p < 0.001) and having had sexual intercourse without using a condom
(OR =1.244, p < 0.001).

The relationship with the mother showed a smaller negative association. A bet-
ter mother—-adolescent relationship was associated with lower odds of pornography use
(OR = 0.885, p = 0.042). None of the remaining variables reached statistical significance at
the 5% level.

3.2. Optimisation of the Gradient Boosting Models and Predictive Comparison with Logistic
Regression (Research Question 1)

Table 4 presents the optimal hyperparameters obtained after tuning the three gradient
boosting models. The cross-validation results were very similar, with mean AUC values
of 0.8222 for XGBoost, 0.8223 for LightGBM, and 0.8225 for CatBoost. Their standard
deviations were also small and comparable, ranging from 0.0024 to 0.0025, indicating stable
predictive performance across the validation folds. Thus, none of the three models showed
a clear advantage during the tuning stage.

Figures A1-A3 in Appendix B show the training and validation learning curves for
the selected XGBoost, LightGBM, and CatBoost configurations, respectively. For all three
algorithms, AUC increased, and log loss decreased rapidly during the initial boosting
iterations, after which validation performance stabilised. Although training performance
continued to improve gradually, the validation curves showed only minor additional
gains. Early stopping selected 75 iterations for XGBoost, 77 for LightGBM, and 249 for
CatBoost. The limited divergence between the training and validation curves indicates
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that the selected configurations achieved stable predictive performance with only modest
evidence of overfitting.

Table 4. Optimal Hyperparameters Identified through Tuning of the Gradient Boosting Models.

Model Optimal Hyperparameters CV AUC, Mean (SD)
eta = 0.10; max_depth = 3; min_child_weight = 1; subsample = 0.70;
XGBoost colsample_bytree = 0.80; gamma = 0; lambda = 1; alpha = 0; nrounds = 75 0.8222 (0.0025)
learning_rate = 0.10; num_leaves = 7; min_data_in_leaf = 20; feature_fraction =
LightGBM 0.90; bagging_fraction = 0.80; bagging_freq = 1; max_depth = —1; lambda_L1 = 0; 0.8223 (0.0025)
lambda_L2 = 0; nrounds = 77
learning_rate = 0.05; depth = 4; 12_leaf_reg = 3; bagging_temperature = 0;
CatBoost bootstrap_type = Bayesian; boosting_type = Plain; grow_policy = SymmetricTree; 0.8225 (0.0024)

random_strength = 1; rsm = 1; border_count = 128; iterations = 249

Note. CV AUC = cross-validated area under the ROC curve. Values are reported as the mean, with the standard
deviation in parentheses.

The confusion matrices reported in Table 5 compare the results obtained from logistic
regression and the three gradient boosting models. Logistic regression correctly identified
a larger number of adolescents who used pornography, as reflected in its lower number
of false negatives and higher number of true positives. By contrast, XGBoost, LightGBM,
and CatBoost classified non-users more accurately, yielding fewer false positives and more
true negatives.

Table 5. Confusion Matrices for the Methods Evaluated on the Test Sample.

LR XGBoost LightGBM CatBoost

Actual | Predicted

0 1 0 1 0 1 0 1

2858 994 0 2992 860 0 2997 855 0 2979 873
677 2181 1 796 2062 1 798 2060 1 790 2068

Note. 0 stands for non-users of pornography and 1 for users.

Table 6 provides a broader evaluation of discrimination, classification performance,
probabilistic accuracy, and calibration. Overall, the differences among the four models
were small, and no method clearly dominated across all criteria. LR achieved the highest
sensitivity, negative predictive value, balanced accuracy, and Fl-score, indicating a greater
ability to identify adolescents who had used pornography. By contrast, the three gradient
boosting models achieved higher specificity, precision, and AUC values, reflecting better
identification of non-users and slightly greater discriminative ability. LightGBM obtained
the highest overall accuracy, specificity, and precision, whereas CatBoost achieved the
highest AUC and the lowest Brier score and log loss. Calibration was satisfactory for all
models, as shown by intercepts close to zero and slopes close to one. LightGBM produced
the lowest expected calibration error, although the values were low for all three boosting
models. The calibration curves (Figure A4 of Appendix B) closely followed the line of
perfect calibration for all four models, consistent with the near-zero calibration intercepts,
slopes close to one, and low ECE values reported in Table 6.

Table 7 shows that the DeLong tests indicated that XGBoost, LightGBM, and CatBoost
each achieved a significantly higher AUC than LR. Nevertheless, the absolute improve-
ments were small, ranging from approximately 0.0048 to 0.0055 AUC points. No significant
differences in AUC were found among the three gradient boosting models. Likewise, the
McNemar tests showed no significant pairwise differences in classification accuracy at the
0.50 probability threshold. These results therefore indicate that the boosting models pro-
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vided a small but statistically detectable improvement in discrimination over LR, although

none showed a clear advantage in overall classification accuracy.

Table 6. Predictive performance of LR, XGBoost, LightGBM and CatBoost in the test sample.

Model AUC Accuracy Sensitivity Specificity Precision NPV Balanced
Accuracy
LR 0.816 0.751 0.7631 0.742 0.6869 0.8085 0.7525
XGBoost 0.8208 0.7532 0.7215 0.7767 0.7057 0.7899 0.7491
LightGBM 0.8212 0.7537 0.7208 0.778 0.7067 0.7897 0.7494
CatBoost 0.8215 0.7522 0.7236 0.7734 0.7032 0.7904 0.7485
Model F1 Brier Score Log Loss Calibration Calibration ECE
Intercept Slope
LR 0.723 0.1721 0.5190 —0.0031 0.9848 0.0203
XGBoost 0.7135 0.1699 0.5134 —0.0070 1.0053 0.0101
LightGBM 0.7137 0.1697 0.5128 —0.0048 1.003 0.0092
CatBoost 0.7132 0.1695 0.5123 —0.0050 1.0034 0.0107

Note. Pornography use was treated as the positive class, and classifications were obtained using a probability
threshold of 0.50. AUC = area under the receiver operating characteristic curve; NPV = negative predictive
value; ECE = expected calibration error calculated using ten equal-width probability bins. Higher values indicate
better performance for AUC, accuracy, sensitivity, specificity, precision, NPV, balanced accuracy, and F1. Lower
values indicate better performance for the Brier score, log loss, and ECE. A calibration intercept close to 0 and a
calibration slope close to 1 indicate better calibration.

Table 7. Pairwise comparisons of AUC and classification accuracy in the independent test sample.

. AUC o DeLon Accurac McNemar

Model Comparison Difference 95% CI (p-Valuf) DifferenZ’e McNemar x* (p-Value)
LR — XGBoost —0.00476 [—0.007, —0.002] <0.001 —0.00224 0.693 1
LR — LightGBM —0.00516 [—0.008, —0.003] <0.001 —0.00268 1.047 1
LR — CatBoost —0.00552 [—0.008, —0.003] <0.001 —0.00119 0.19 1
XGBoost — LightGBM —0.00039 [—0.001, 0.001] 0.597 —0.00045 0.089 1
XGBoost — CatBoost —0.00076 [—0.002, 0.002] 0.188 0.00104 0.632 1
LightGBM — CatBoost —0.00036 [—0.001, 0.001] 0.597 0.00149 1.761 1

Note. Differences were calculated as the performance of the first model minus that of the second model. DeLong
tests compared paired AUC values, whereas McNemar tests compared classification accuracy using a proba-
bility cutoff of 0.50. Reported p-values were adjusted for six pairwise comparisons using Holm’s procedure.
CI = confidence interval.

CatBoost was selected for the subsequent interpretability analysis because it achieved
the best nominal combination of AUC, Brier score, and log loss in the independent test
sample. However, the formal comparisons did not indicate that CatBoost was statistically
superior to XGBoost or LightGBM, whose predictive performance was virtually identical.
Therefore, CatBoost was selected as a representative gradient boosting model rather than
as a clearly dominant method. Logistic regression remained competitive overall and may
be preferable when maximising sensitivity is the primary objective.

The median fitting times over five repeated runs were 0.11 s for logistic regression,
0.12 s for XGBoost, 0.22 s for LightGBM, and 1.28 s for CatBoost. These times excluded data
preprocessing and hyperparameter tuning and correspond to the hardware configuration
described in Section 2.4.

The robustness analyses reported in Appendix A showed the following patterns:

e  The results were stable across alternative cross-validation partitions and treatments
of missing data. Across ten repetitions of five-fold cross-validation, the mean AUC
values were 0.8170 for logistic regression, 0.8218 for XGBoost, 0.8217 for LightGBM,
and 0.8221 for CatBoost, with very small standard deviations. CatBoost achieved the
highest AUC in nine of the ten repetitions, although the differences among the three
boosting models remained minimal (Table A2).
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e  The multiple-imputation sensitivity analysis also produced estimates very similar to
those obtained from the complete-case sample. Changes in the odds ratios were below
5% for all predictors, and the substantive conclusions remained unchanged, except
that the weak association with the mother-adolescent relationship was no longer
statistically significant after imputation (Table A3).

e All variance inflation factors were below 2.1, providing no evidence of problematic
multicollinearity (Table A3).

3.3. Shapley Additive Explanations Analysis and Variation in the Predictive Importance
of Pornography-Use Correlates by Sex and Age

3.3.1. Global Analysis of SHAP Values (Research Question 2)

Figure 2 presents the beeswarm plot of the SHAP values obtained from the CatBoost
model. This plot shows the direction in which each variable contributes to the prediction of
pornography use. Figure 3 reports the mean absolute SHAP values, thereby providing a
clearer representation of the relative predictive importance of the variables. The calculation
of CatBoost SHAP values for all 6710 observations in the independent test sample required
a median of 0.38 s across three repetitions.

sex| ool -
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CAN 2 —_
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Figure 2. Beeswarm of SHAP values estimated with CatBoost.
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Figure 3. Global predictor importance based on mean absolute SHAP values for the CatBoost model
of adolescent pornography use.

SEX was by far the most influential variable in the model’s predictions. Low values,
corresponding to male adolescents, were concentrated on the positive side of the plot,
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whereas high values, corresponding to female adolescents, were clearly located on the
negative side. NETADD was the second most important variable. High levels of addictive
Internet use were mainly associated with positive SHAP contributions, whereas low levels
were concentrated on the negative side. A similar pattern was observed for CAN and ALC:
higher levels of cannabis and alcohol use shifted predictions towards pornography use,
whereas lower levels contributed towards predicted non-use. FCON also showed a clear
pattern, with the presence of family conflict associated with positive contributions to the
prediction of pornography use and its absence being linked with negative SHAP values.

Having had sexual intercourse without using a condom (5B2) and having had sexual
intercourse that the adolescent subsequently regretted (SB1) are also linked to the likelihood
of pornography use. Older age tended to shift the prediction moderately towards use.
However, the contributions of these variables were smaller than those of NETADD, CAN,
ALC, and FCON.

High values of MD2, corresponding to having experienced an anxiety attack, gen-
erally showed positive contributions. By contrast, more favourable relationships with
the father and mother (FREL and MREL, respectively) tended to contribute negatively to
the prediction of pornography use. Higher levels of tobacco use also showed a limited
positive contribution. Nevertheless, the predictive contributions of all these variables were
substantially smaller.

Finally, MD1 and the variables related to parental control produced SHAP values close
to zero for most observations, indicating that they made only a limited contribution to the
model’s predictions.

Figure 4 shows that NETADD was not only one of the most influential individual
predictors but also the main interaction hub in the CatBoost model. It appeared in six of
the ten strongest interactions, particularly in combination with age, cannabis use, alcohol
use, tobacco use, and the quality of the father-adolescent relationship. This suggests that
the predictive contribution of problematic Internet use varied according to adolescents’
developmental stage, substance-use profile, and family context. By contrast, SEX did not
appear among the ten strongest interactions, despite being by far the most important
predictor in the global SHAP analysis. This pattern suggests that sex operated mainly as a
strong direct predictive component, whereas NETADD contributed more through its joint
relationships with other characteristics. These interaction patterns are predictive rather
than causal and should therefore be interpreted as indications of modelled heterogeneity.

Figure 5 displays the SHAP dependence plots corresponding to the four strongest
interactions identified by CatBoost. The upper-left panel shows a clear nonlinear and
predominantly increasing relationship between NETADD and the model output. Very low
NETADD values contributed negatively to the prediction of pornography use, whereas
SHAP values became positive at approximately 1 on the original 0—-4 NETADD scale
and continued to increase thereafter. Colouring observations by AGE suggests some
heterogeneity in the magnitude of this contribution, although the overall increasing pattern
was present across age groups.

The upper-right panel shows the CAN x NETADD interaction. The largest change
occurred between no lifetime CAN use and any reported use, after which the contribution
remained positive and increased more gradually across higher CAN categories. NETADD
introduced additional dispersion within each CAN level, indicating that the predictive
contribution of CAN was partly conditional on NETADD.

A similar pattern was observed for the ALC x NETADD interaction. Adolescents
reporting no ALC use generally showed negative SHAP values, whereas any ALC use
shifted the model output towards pornography use. The largest increase occurred between
no consumption and one weekend of ALC use, followed by a more gradual rise at higher
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levels. Variation in NETADD again contributed to differences in SHAP values within the
same ALC category.

AGE x NETADD

CAN x NETADD

ALC x NETADD

FREL x NETADD

FREL x CAN

TOB x NETADD

AGE x TOB

AGE x CAN

MREL x NETADD

216

11

ALC x CAN 161

=

2 3 4 5
Interaction strength

Figure 4. Ten strongest feature interactions identified by the CatBoost model.

Finally, the FREL x NETADD interaction displayed a non-monotonic pattern. The
absence of a father was associated with negative SHAP contributions, low-to-moderate
FREL scores showed positive contributions, and the highest FREL category produced
values close to zero or slightly negative. The colouring by NETADD indicates that the
contribution of FREL also varied according to NETADD. Overall, these plots show that
NETADD was relevant not only as an individual predictor but also as a contextual variable
associated with variation in the predictive contribution of AGE, CAN, ALC, and FREL.
These patterns are predictive and should not be interpreted causally.

Local SHAP explanations for representative true positives, true negatives, false posi-
tives, and false-negative cases are reported in Figure A5 of Appendix B. In the illustrated
misclassified cases, prediction errors occurred when the dominant contribution of SEX
opposed the combined contributions of NETADD, CAN, ALC, and family-related variables.

'
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Figure 5. SHAP dependence plots for the four strongest feature interactions in the CatBoost model.
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3.3.2. Analysis of Sex- and Age-Related Differences in the Predictive Contributions of the
Variables to Pornography Use (Research Question 3)

Table 8 presents the mean absolute SHAP values, the ranking of the explanatory vari-
ables, and the differences between male and female adolescents in their contributions to the
prediction of pornography use. The variables are presented according to the overall order
of importance shown in Figure 2. In this regard, differences involving the most influential
predictors, such as NETADD, ALC, CAN, FCON and AGE, are of greater substantive
interest than those observed for variables with very limited overall predictive contributions,
such as those related to parental control. Cohen’s d quantifies the standardised difference
between male and female adolescents, but it does not reflect the overall importance of
a predictor within the model. Consequently, a large effect size for a variable with very
small mean absolute SHAP values indicates a marked relative difference between the two
groups, but not necessarily a substantively important contribution to the prediction of
pornography use.

Differences were observed in the highest-ranked variable: ALC was the most im-
portant predictor among male adolescents, whereas NETADD ranked first among female
adolescents. In addition, ALC ranked third among female adolescents and second among
male adolescents, while CAN ranked second among female adolescents and third among
male adolescents.

Sex differences in mean absolute SHAP values were statistically significant for eleven
factors (p < 0.001). The exceptions were CAN, AGE and SB1. However, given the large
sample size, statistical significance may be reached even for differences of little practical
relevance. Interpretation should therefore focus primarily on the magnitude of the effect
sizes [42]. Among the five most important variables overall, the differences in NETADD,
CAN and AGE were negligible, even though the difference in NETADD was statistically
significant. By contrast, ALC and FCON showed large effect sizes. These findings indicate
that, although the general structure of predictor importance was relatively similar across
sexes, substantive differences emerged in the predictive weight of several key variables.

Table 8. SHAP Values and Ranking of the Explanatory Variables of Pornography Use by Sex.

Mean | SHAP |

Mean | SHAP |

Variable (Females) (Males) Difference t-Ratio p-Value |Cohen’sd| Interpretation
NETADD 0.257 (1) 0.229 (2) —0.028 —6.37 <0.001 —0.1554 Negligible
CAN 0.209 (2) 0.207 (3) —0.002 —0.41 0.685 —0.0099 Negligible
ALC 0.148 (3) 0.234 (1) 0.086 64.59 <0.001 1.5803 Large
FCON 0.124 (4) 0.091 (4) —0.033 —46.90 <0.001 —1.1441 Large
AGE 0.069 (5) 0.069 (5) 0 —0.08 0.939 —0.0019 Negligible
SB2 0.063 (6) 0.047 (6) —0.017 —11.15 <0.001 —0.2718 Small
MD2 0.051 (7) 0.012 (11) —0.040 —105.57 <0.001 —2.5654 Large
FREL 0.043 (8) 0.017 (9) —0.025 —27.05 <0.001 —0.6587 Moderate
MREL 0.040 (9) 0.008 (13) —0.033 —55.63 <0.001 —1.3516 Large
SB1 0.027 (10) 0.027 (7) —0.001 —0.51 0.612 —0.0124 Negligible
POC 0.017 (11) 0.020 (8) 0.003 8.89 <0.001 0.2173 Small
TOB 0.016 (12) 0.013 (10) —0.003 —6.78 <0.001 —0.1656 Negligible
PHC 0.011 (13) 0.010 (12) —0.001 —4.90 <0.001 —0.1195 Negligible
MD1 0.008 (14) 0.005 (14) —0.002 —5.52 <0.001 —0.1345 Negligible

Note. The correlates are presented in descending order of their overall relative importance in Figure 3. The
position occupied by each variable in the sex-specific importance ranking is shown in parentheses. The Spearman
rank correlation between the variable rankings for male and female adolescents was 0.82. The magnitude of
the differences between the two groups was interpreted using the absolute value of Cohen’s d (| Cohen’s d ),
following the criteria: Id| < 0.20 indicates a negligible effect; 0.20 < Id| < 0.50, a small effect; 0.50 < Id| <0.80,
a moderate effect; and |d | > 0.80, a large effect [43].
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Table 9 presents the mean absolute SHAP values for each variable across age groups,
together with the results of the ANOVA used to assess differences between these groups.
It shows that only SEX, CAN, FCON, SB2, MD2, POC and TOB exhibited differences of
some substantive relevance, although their effect sizes remained small. The predictive
contribution of SEX was greater in the intermediate age groups. The importance of CAN
and SB2 increased progressively with age, whereas that of FCON and MD2 decreased.
Taken together, these findings indicate that age introduces some variation in the predictive
strength of specific correlates but does not substantially alter their overall ranking.

Table 9. Mean |SHAP | Values by Age Group and ANOVA Test of Between-Group Differences.

Mean | SHAP |
Variable <15 Years 16 Years 17 Years 18 Years 19 Years F p-Value n? Interpretation
SEX 1.156 (1) 1.187 (1) 1.188 (1) 1.184 (1) 1.143 (1) 183.95 <0.001 0.027 Small
NETADD 0.260 (2) 0.251 (2) 0.240 (2) 0.235 (2) 0.247 (3) 2292 <0.001 0.003 Negligible
CAN 0.155 (4) 0.174 (4) 0.198 (3) 0.220 (3) 0.258 (2) 286.73 <0.001 0.041 Small
ALC 0.182 (3) 0.176 (3) 0.180 (4) 0.175 (4) 0.188 (4) 14.19 <0.001 0.002 Negligible
FCON 0.125 (5) 0.112 (5) 0.107 (5) 0.106 (5) 0.098 (5) 267.55 <0.001 0.038 Small
SB2 0.039 (6) 0.047 (6) 0.049 (6) 0.056 (6) 0.070 (6) 104.48 <0.001 0.015 Small
MD2 0.036 (7) 0.035 (7) 0.029 (8) 0.026 (8) 0.024 (11) 169.52 <0.001 0.025 Small
FREL 0.023 (10) 0.026 (8) 0.030 (7) 0.031 (7) 0.036 (7) 34.56 <0.001 0.005 Negligible
SB1 0.023 (9) 0.022 (11) 0.025 (9) 0.025 (10) 0.025 (9) 37.79 <0.001 0.006 Negligible
MREL 0.027 (8) 0.025 (9) 0.025 (10) 0.024 (11) 0.025 (10) 13.90 <0.001 0.002 Negligible
POC 0.019 (12) 0.022 (10) 0.025 (11) 0.026 (9) 0.030 (8) 91.26 <0.001 0.013 Small
TOB 0.021 (11) 0.019 (12) 0.017 (12) 0.015 (12) 0.014 (12) 194.73 <0.001 0.028 Small
PHC 0.003 (13) 0.003 (13) 0.003 (13) 0.004 (13) 0.004 (13) 4.39 <0.001 0.001 Negligible
MD1 0.003 (14) 0.003 (14) 0.003 (14) 0.003 (14) 0.003 (14) 23.24 <0.001 0.003 Negligible

Note. The correlates are presented in descending order of their overall relative importance in Figure 3. n? denotes
the effect size of the mean differences between age groups. Following Cohen [43], n? < 0.01 indicates a negligible
effect; 0.01 < 12 < 0.06, a small effect; 0.06 < 12 < 0.14, a moderate effect; and n2 > 0.14, a large effect.

4. Discussion
4.1. General Questions

This study examined the ability of logistic regression and three ensemble tree methods,
XGBoost, LightGBM, and CatBoost, to predict pornography use among Spanish adoles-
cents. The analysis used data from ESTUDES 2023 [14], one of Spain’s main nationwide
surveys on substance use and other potentially problematic behaviours among secondary
school students.

Regarding RQ1, the results indicated a slight nominal advantage for CatBoost, al-
though this advantage cannot be considered conclusive. CatBoost achieved the highest
AUC and the lowest Brier score and log loss, whereas LightGBM obtained the highest
accuracy, specificity, and precision. Logistic regression achieved the highest sensitivity,
negative predictive value, balanced accuracy, and Fl-score. Thus, the identification of the
best-performing model depended partly on the metric prioritised. The boosting models
were somewhat more effective at identifying adolescents who did not use pornography,
whereas logistic regression identified a higher proportion of users.

The paired DeLong tests showed that all three boosting models achieved significantly
higher AUC values than logistic regression. However, the absolute differences were small,
ranging from approximately 0.005 to 0.006. No significant AUC differences were found
among XGBoost, LightGBM, and CatBoost, and the McNemar tests detected no significant
differences in classification accuracy between any pair of models. The repeated cross-
validation analysis also indicated highly stable performance, with CatBoost obtaining the
highest mean AUC in nine of the ten repetitions. Overall, these findings suggest a small but
consistent improvement in discrimination from boosting methods, rather than a decisive
superiority over logistic regression.
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The competitiveness of logistic regression relative to more complex models is not
surprising. Some systematic reviews have found no general advantage of tree-based
ensemble methods over logistic regression in clinical prediction models [44]. More recently,
it has been argued that no approach is universally superior, as predictive performance
depends on the characteristics of the dataset, including sample size, number of predictors,
linearity of the relationships, class imbalance, and, particularly, data quality [45].

Because CatBoost provided the best nominal combination of AUC, Brier score, and
log loss, together with stable repeated cross-validation performance, it was selected as
the reference model for addressing RQ2 and RQ3 through SHAP values. This choice does
not imply that CatBoost was unequivocally superior to XGBoost, LightGBM, or logistic
regression. Rather, it provided a representative and well-calibrated boosting model for
examining the importance, direction, interactions, and heterogeneity of the predictive
correlates. Logistic regression nevertheless remained highly competitive and may be
preferable when sensitivity and the identification of pornography users are prioritised.

Regarding RQ2, sex clearly emerged as the variable with the greatest predictive impor-
tance. The model assigned substantially higher predicted probabilities of pornography use
to boys than to girls. By contrast, although age showed a statistically significant association
in the logistic regression, its SHAP importance was considerably lower and far below that
of the main predictors. The findings therefore strongly support the relevance of sex but
provide much more limited support for age as a central factor in pornography use, thereby
qualifying the conclusions of some previous studies and reports [11-13].

After sex, addictive Internet use (NETADD) was the most important predictive corre-
late. This result is in agreement with the systematic review by Chaise et al. [11] and with
studies associating pornography use with intensive or problematic patterns of Internet
use [39—-41]. Internet use provides a context characterised by accessibility, availability, and
privacy and may form part of a broader behavioural pattern characterised by self-regulation
difficulties, persistent use, and high exposure to digital content [39].

The next group of relevant variables comprised cannabis and alcohol use. Tobacco use,
by contrast, made only a very limited predictive contribution. The association of alcohol
and cannabis with the outcome is consistent with profiles characterised by greater propen-
sity for experimentation, sensation seeking, and exposure to risk behaviours [12,13,34].
Nevertheless, the limited importance of tobacco indicates that not all forms of substance
use are related to the outcome in the same way.

Variables related to family functioning, sexual behaviour, and psychological distress
ranked below those discussed in the preceding paragraphs. Moreover, indicators belonging
to the same domain did not exhibit uniform predictive importance. Within the family-
functioning domain, the presence of family conflict was the most relevant predictor, whereas
the variables measuring relationships with the father and mother made much smaller
contributions. This finding is therefore partly consistent with previous research linking
pornography use to problematic family functioning [16,37], although it suggests that overt
family conflict may be more informative than general assessments of parent-adolescent
relationships or parental control.

Regarding psychological distress, only anxiety attacks showed some predictive rel-
evance, whereas the indicator concerning psychotic episodes had an almost negligible
contribution. This result is partially in accordance with Kostopoulou [8], who suggests that
relief from psychological stress and coping with negative emotions may serve as motives
for pornography use. However, the limited relative importance of psychological distress
within the model qualifies this interpretation.

Both sexual behaviours examined showed statistically significant associations in the
logistic regression. Nevertheless, the SHAP values assigned considerably greater impor-
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tance to sexual intercourse without using a condom. The findings are broadly consistent
with previous research linking pornography use to certain risky sexual behaviours [3,5,8].
In any case, both sexual and psychological distress indicators showed substantially less
predictive importance than family conflict.

Finally, the parental-control variables made only residual contributions. Although
some previous studies have suggested that parental supervision may be linked with lower
exposure to pornography [36,37], the present findings do not support considering parental
control one of the main predictive correlates once the remaining individual, behavioural,
and family-related characteristics are considered simultaneously.

The interaction analysis further showed that NETADD played a central role in the
joint predictive structure of the model. The strongest interaction was observed between
AGE and NETADD, followed by the interactions of NETADD with CAN, ALC, and FREL.
As shown in Figure 5, the contribution of NETADD increased nonlinearly across its range,
while CAN and ALC produced their largest changes when moving from no use to any
reported use. The FREL pattern was non-monotonic, with intermediate categories showing
greater positive contributions than the highest category. These results indicate that the
predictive contributions of behavioural and family-related variables varied according to
NETADD and, to a lesser extent, AGE. These interactions describe predictive patterns and
should not be interpreted as causal or moderating effects.

Regarding RQ3, in addition to being the strongest overall predictor, sex defined
subgroups in which several other correlates showed markedly different predictive contri-
butions. The most notable result concerned alcohol use. Among boys, alcohol became the
most important correlate, ranking slightly above addictive Internet use, which occupied
second place in the overall sample. Relevant sex-related differences were also observed in
the importance of family conflict. These findings suggest that the predictive importance of
these correlates differed between boys and girls.

By contrast, age-related differences were considerably more limited. The effect sizes
obtained from comparisons across age groups were predominantly negligible or small.
Thus, although age showed a statistical association with pornography use, it did not appear
to substantially alter the importance of the remaining predictors.

These results are congruent with studies identifying sex or gender as a potential moder-
ator of factors associated with risk behaviours during adolescence [30,31]. By contrast, they
provide less support for studies assigning age a prominent moderating role in risk-taking
and in the influence of social or contextual factors [32,33]. In line with Farré et al. [34], the
results suggest that sex is associated with meaningful differences in the profile of predictive
correlates of pornography use, whereas age was linked with substantially less predictive
heterogeneity than sex.

4.2. Theoretical and Practical Implications

This study offers several theoretical implications for research on pornography use dur-
ing adolescence and for comparisons between traditional statistical methods and machine-
learning techniques. First, the findings challenge the assumption that machine-learning
models should automatically replace logistic regression. Although the boosting models
achieved slightly better predictive performance in terms of AUC, specificity, and the quality
of the estimated probabilities, logistic regression showed higher sensitivity and, therefore,
a greater ability to identify adolescents who reported using pornography. This finding is
compatible with research showing that complex algorithms do not always substantially
outperform logistic regression and that method selection should depend on the analytical
objective, data quality, and the type of error to be minimised [44—46].
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Model comparison should therefore not be reduced to determining which algorithm
achieves the highest value on a single metric. Logistic regression remains relevant because
of its parsimony, transparency, and ability to estimate associations that can be readily
interpreted through coefficients and odds ratios. Machine-learning models, in turn, provide
greater flexibility for representing nonlinear relationships, interactions, and complex pat-
terns. The two approaches should be regarded as complementary: logistic regression allows
global associations to be analysed and theoretically grounded relationships to be tested,
whereas boosting models may improve classification and identify predictive structures that
are not adequately represented by additive linear relationships.

Second, the application of SHAP extends the theoretical contribution of the study by
showing that the importance of a variable need not be uniform across all adolescents. SHAP
explanations estimate how each characteristic contributes to each individual prediction and
facilitate the analysis of heterogeneity across subgroups. In the present study, this approach
was initially applied to sex and age, but it could also be extended to other relevant criteria,
such as school type (public or private), urban or rural setting, geographical area, and specific
family or socioeconomic characteristics. Nevertheless, differences in SHAP values should
be interpreted as predictive heterogeneity rather than as causal effects or formal evidence of
moderation unless specific statistical analyses are conducted to test such differences.

Finally, the findings support a multidimensional conceptualisation of adolescent
pornography use. Its predictive relationships with Internet use, alcohol and cannabis
consumption, family conflict, and certain sexual behaviours suggest that it should not be
studied as a completely isolated behaviour. Rather, it may form part of a broader network
of interconnected digital, family-related, sexual, and substance-use practices. This per-
spective supports integrative theoretical models combining individual, family, digital, and
behavioural factors, rather than explanations focused exclusively on a single dimension.

From an applied perspective, the results indicate that model selection should be guided
by the intended analytical or screening objective, at least within the dataset analysed in
this study. When the priority is to identify as many adolescents who use pornography as
possible (for example, in exploratory studies or broad preventive programmes), logistic
regression may be particularly useful because of its higher sensitivity. However, this
advantage also entails a larger number of false positives, that is, adolescents classified
as users when they are actually non-users. In settings where each positive classification
triggers interviews, assessments, counselling, or other specialised resources, this type of
error may generate unnecessary costs and inefficient use of the available resources.

By contrast, XGBoost and LightGBM showed higher specificity and produced fewer
false positives, which may make them more appropriate when avoiding unnecessary
interventions is the main priority. However, this choice entails accepting a greater number
of false negatives. Consequently, no model is universally superior: the decision should
take into account the balance between sensitivity and specificity, the costs of each type of
error, and the intended purpose of the tool.

SHAP explanations may also contribute to the design of more tailored interventions.
Rather than applying a single preventive programme to the entire adolescent population,
educational and health authorities could use aggregate explanatory patterns to identify
which factors are most relevant across different adolescent profiles. For example, the
observed subgroup patterns may help inform the design of preventive programmes by
indicating whether greater emphasis should be placed on digital literacy and Internet-
use regulation, substance use, family conflict, sexual education, or emotional well-being.
Similar analyses could be conducted by sex, age, school type, geographical area, or socioe-
conomic context, provided that algorithmic predictions are not converted into stigmatising
labels or automated decisions concerning individual adolescents.
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The findings also suggest that preventive policies should not address pornography
use in isolation or rely exclusively on punitive approaches. The observed relationships with
alcohol and cannabis use, risky sexual behaviours, family conflict, and intensive or addictive
Internet use support a more comprehensive form of intervention. School- and community-
based programmes should combine affective and sexual education, digital literacy, critical
reflection on pornographic content, substance-use prevention, the promotion of safer sexual
practices, and the strengthening of family communication.

Within this framework, families and educators need resources to address the issue
without relying solely on prohibition or surveillance. Regulators and digital platforms, for
their part, should strengthen age-assurance systems, protection against unwanted exposure,
and the transparency of recommendation mechanisms. These measures should be comple-
mented by counselling and psychological support services for adolescents who experience
loss of control, emotional distress, or negative consequences related to pornography use.

5. Conclusions
5.1. Main Takeaways

This study examined the ability of logistic regression, XGBoost, LightGBM and Cat-
Boost to predict pornography use during the previous 30 days among Spanish adolescents,
using a large sample drawn from ESTUDES 2023 [14]. The four methods showed good and
very similar predictive performance. CatBoost achieved the highest AUC and the lowest
Brier score and log loss, whereas LightGBM obtained the highest accuracy, specificity, and
precision. Logistic regression achieved the highest sensitivity, negative predictive value,
balanced accuracy, and Fl-score. The findings do not support replacing logistic regression
automatically with machine-learning models. Method selection depends on the applied
objective: logistic regression is particularly competitive when the aim is to maximise the
detection of adolescents who use pornography, whereas gradient boosting models produce
fewer false positives and classify non-users more accurately.

The SHAP analysis showed that SEX was by far the most influential predictor, followed
by NETADD, CAN, ALC, FCON, and certain risky sexual behaviours. Whereas SEX
operated mainly as a strong direct predictor, NETADD showed substantial interactions
with AGE, CAN, ALC, and FREL. These findings suggest that pornography use is not an
isolated behaviour but forms part of a broader digital, family-related, and behavioural
profile. In addition, the importance of some correlates varied by sex, particularly ALC and
FCON, whereas age-related differences were generally small.

Opverall, the study contributes to the literature by combining predictive model compar-
ison, global and local interpretation, interaction analysis, and the assessment of predictive
heterogeneity using SHAP. The findings suggest that comprehensive preventive approaches
could integrate affective and sexual education, digital literacy, substance-use prevention,
the promotion of safer sexual behaviours, and family support. Nevertheless, these models
should be used to inform policies and allocate resources at the population level rather than
to diagnose, sanction, or stigmatise individual adolescents.

In this regard, it should be noted that sampling error increases when analyses focus on
smaller subgroups, such as specific autonomous communities, school years, or age groups.
ESTUDES therefore provides highly reliable estimates at the national level, but the findings
should be interpreted more cautiously when analyses are conducted on smaller territorial
or population subgroups.

5.2. Limitations and Future Research Directions

This study has several limitations that should be considered when interpreting its find-
ings. First, the cross-sectional design of ESTUDES 2023 prevents temporal or causal relation-
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ships from being established between the predictors and pornography use. The observed
associations may reflect bidirectional influences or the presence of unmeasured factors.
Problematic Internet use and pornography use may be bidirectionally correlated, but the
cross-sectional design does not permit their temporal ordering to be established. The find-
ings should therefore be interpreted as predictive relationships rather than causal effects.

The dependent variable distinguishes only between adolescents who did and did not
use pornography during the previous 30 days. This measure does not capture frequency,
duration, type of content, age of onset, context of access, motivations, or potential negative
consequences. Nor does it distinguish between occasional and problematic use. Future
research should employ ordinal or continuous outcomes and incorporate specific measures
of problematic pornography use.

The data were based on self-reported responses to sensitive questions. Although
anonymity may encourage honest reporting, the responses may still be affected by recall
bias, social desirability, concealment, or differences in how participants interpret the ques-
tions. In addition, NETADD is a self-reported index of problematic Internet-use symptoms
and should not be interpreted as a clinical diagnosis of Internet addiction. Furthermore,
the sample included only adolescents enrolled in formal education.

The complete-case approach reduced the original sample and may have introduced
bias if missingness was not completely random. In addition, the analysis did not explicitly
incorporate sampling weights or the complex survey design, which calls for caution when
generalising the estimates to the broader Spanish adolescent population. Generalisability to
other countries is also limited because of cultural, regulatory, and digital-context differences.

Future research could examine whether more complex deep-learning architectures pro-
vide additional predictive value for the analysis of problematic adolescent behaviours. In
particular, hybrid neural models combining Transformer-based components with Explain-
able Al techniques may be useful when textual, longitudinal, social-media, or multimodal
information is available. Chechkin et al. [47], for example, illustrate the potential of hybrid
neural architectures for detecting and classifying destructive digital content. Applying
comparable approaches to adolescent pornography use and related risk behaviours could
help capture complex contextual and temporal patterns that cannot be fully represented by
conventional cross-sectional survey data.

Differences in model performance were small. The use of a 0.50 classification threshold
also influenced the resulting sensitivity and specificity. Future research should conduct
temporal or external validation, compare alternative classification thresholds, and assess
model calibration across subgroups. SHAP values likewise do not represent causal ef-
fects or definitive evidence of moderation. These analyses should be complemented by
explicit interaction terms, longitudinal models, and comparisons across sex, school type,
geographical area, socioeconomic status, and family context.
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Appendix A

Adolescent age

Akaike information criterion

Alcohol use

Analysis of variance

Area under the receiver operating characteristic curve
Bayesian information criterion

Cannabis use

Confidence interval

Cross-validation

Spanish Survey on Drug Use in Secondary Education
F1-score

Family conflict

Father—adolescent relationship

Light Gradient Boosting Machine

Likelihood ratio

Mental distress indicator 1 (psychotic episode)
Mental distress indicator 2 (anxiety attack)
Mother—-adolescent relationship

Mathematics Subject Classification

Addictive Internet use index

Items measuring addictive Internet use
Negative predictive value

Spanish Observatory on Drugs and Addictions
Odds ratio

Parental home control

Parental outside-home control

Pornography use

Receiver operating characteristic

Research question

Sexual behaviour 1 (regretted sexual intercourse)

Sexual behaviour 2 (sexual intercourse without a condom)

Standard deviation

Standard error

Adolescent sex

Shapley Additive Explanations
Tobacco use

Extreme Gradient Boosting

Table Al. Comparison between adolescents included in the complete-case analytical sample and

those excluded because of missing predictor values.

Variable Excluded Valid Included Mean/Proportion  Excluded Mean/Proportion SMD p-Value
PORN 5213 0.426 0.469 —0.087 <0.001
SEX 5213 0.503 0.423 0.16 <0.001
AGE 5213 16.588 16.554 0.029 0.056
FREL 4299 2.81 2.713 0.187 <0.001
MREL 4083 2.65 2.532 0.162 <0.001
FCON 4543 0.398 0.397 0.001 0.948
PHC 4354 0.379 0.391 —0.024 0.147
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Table A1. Cont.

Variable Excluded Valid Included Mean/Proportion  Excluded Mean/Proportion SMD p-Value
POC 4280 0.483 0.491 -0.017 0.305
TOB 4603 0.376 0.485 —-0.123 <0.001
ALC 4788 0.999 1.123 —0.098 <0.001
CAN 3240 0.994 1.522 —0.230 <0.001

SB1 4460 0.072 0.103 —0.118 <0.001
SB2 4469 0.153 0.192 —0.106 <0.001
MD1 4391 0.033 0.056 —-0.126 <0.001
MD2 4481 0.336 0.326 0.022 0.159
NETADD 4484 1.297 1.263 0.041 0.019
Note. The comparison was restricted to adolescents with observed information on pornography use. The
complete-case analytical sample contained 33,543 observations, whereas 5213 observations were excluded because
at least one predictor was missing. For binary variables, means represent proportions. SEX was coded as 0 = male
and 1 = female. SMD denotes the standardised mean difference and was calculated as the mean among included
participants minus the mean among excluded participants, divided by the pooled standard deviation. Because of
the large sample size, substantive interpretation should focus primarily on the magnitude of the SMD rather than
on statistical significance.
Table A2. Repeated five-fold cross-validation results across ten random seeds.
Model AUC, Mean (SD) Accuracy Sensitivity Specificity Balanced F1-Score Brier Log Loss
Accuracy Score
LR 0.8170 (0.00012) 0.7513 0.7588 0.7457 0.7523 0.7221 0.1716 0.5183
XGBoost 0.8218 (0.00023) 0.7559 0.7189 0.7834 0.7512 0.7151 0.1692 0.5118
LightGBM 0.8217 (0.00030) 0.7561 0.717 0.7852 0.7511 0.7147 0.1691 0.5117
CatBoost 0.8221 (0.00028) 0.7564 0.7246 0.7799 0.7523 0.717 0.169 0.5113
Note. Values other than the AUC standard deviation are means across ten repetitions of five-fold cross-validation
conducted within the original training sample. The selected hyperparameters and numbers of boosting iterations
were held constant, while the random seed governing fold allocation and stochastic model fitting was varied.
Higher values indicate better performance for AUC, accuracy, sensitivity, specificity, balanced accuracy, and
Fl1-score; lower values indicate better performance for the Brier score and log loss. Logistic regression and
CatBoost obtained the same balanced accuracy after rounding.
Table A3. Sensitivity of logistic regression estimates to multiple imputation and multicollinearity
assessment.
Predictor Complete-Case OR Multiple-Imputation OR Absolute Change (%) VIF
SEX 0.072 0.0753 4.58 1.393
AGE 1.0714 1.0662 0.49 1.137
FREL 0.9556 0.9778 2.32 1.146
MREL 0.9603 0.9729 1.31 1.15
FCON 1.369 1.3854 1.2 1.283
PHC 1.0322 1.0323 0.01 1.188
POC 1.0491 1.0406 0.81 1.208
TOB 0.9768 0.9848 0.82 2.055
ALC 1.1898 1.1937 0.33 1.425
CAN 1.0874 1.0807 0.62 2.019
SB1 1.2796 1.2447 2.73 1.19
SB2 1.2438 1.2527 0.72 1.337
MD1 0.9643 0.9636 0.07 1.066
MD2 1.0606 1.0525 0.76 1.412
NETADD 1.5178 1.5083 0.63 1.204

Note. Complete-case estimates were based on 33,543 observations. Multiple-imputation estimates were pooled
across ten imputed datasets comprising 38,756 adolescents with observed pornography-use information. Absolute
change was calculated relative to the complete-case odds ratio. The direction and substantive interpretation of the
estimates remained stable, and all changes in the odds ratios were below 5%. MREL was weakly significant in the
complete-case analysis (p = 0.042) but not after multiple imputation (p = 0.137). VIFs were calculated from the
complete-case logistic regression model; all values were below 2.1, indicating no problematic multicollinearity.
OR = odds ratio; VIF = variance inflation factor. Unlike Table 3, the complete-case and multiple-imputation
models reported here used the predictors in their original measurement scales to ensure compatibility across the
imputed datasets. Therefore, the odds ratios of non-binary predictors are not directly comparable with those
reported in Table 3.
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Figure A1l. Training and validation learning curves for the selected XGBoost model. The vertical
black dashed line indicates the number of boosting iterations selected by early stopping. The shaded
area represents variability across the validation folds.
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Figure A2. Training and validation learning curves for the selected LightGBM model. The vertical
black dashed line indicates the number of boosting iterations selected by early stopping. The shaded
area represents variability across the validation folds.
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Figure A3. Training and validation learning curves for the selected CatBoost model. The vertical
black dashed line indicates the number of boosting iterations selected by early stopping. The shaded
area represents variability across the validation folds.
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Figure A4. Calibration curves for the four predictive models in the independent test sample.
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Figure A5. Local SHAP explanations for representative true-positive, true-negative, false-positive,
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