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ABSTRACT

Adolescents’ reading comprehension skills are shaped by various activities and contextual factors. Identifying these determinants
is imperative for improving academic performance. This study aims to assess how time spent on different activities—sports,
smartphone use, social media, and educational apps—affects reading comprehension in Spanish adolescents. The study is based on
PISA 2022 microdata, including responses from over 30,000 Spanish adolescents. We examined factors such as grade repetition,
time spent on sports, access to books at home, smartphone and social media usage, and engagement with educational apps. We
applied several machine learning algorithms using cross-validation and the R? metric to evaluate model performance and analyze
data. Additionally, explainable artificial intelligence techniques are used to interpret the results and highlight key predictors and
their interactions. CatBoost yielded the best predictive performance, identifying key predictors of reading comprehension. The
most influential factors included grade repetition (negative impact), time spent on sports (negative impact), access to books at
home (positive impact), smartphone use (positive impact), and social media use (negative impact). Educational apps were as-
sociated with lower comprehension skills scores. Digital tools in technology lessons enhance reading skills when used regularly.
The study highlights complex relationships between technology use, sports, and reading comprehension skills. These insights can
inform educational policies and interventions targeting balanced digital use and tailored support for students struggling with
academic challenges.

Highlights « The influence of parents’ educational level on reading

» Grade repetition and participation in sports negatively comprehension among adolescents is diminishing.

impact reading comprehension skills. » Excessive use of social media reduces reading compre-

« Home libraries enhance adolescent literacy skills. hension skills in adolescents.

« Digital learning tools in computer science education

« Smartphone usage supports reading comprehension . . . .
P g bp £ p improve reading comprehension skills.

skills, but educational apps show negative effects.
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1 | Introduction

The Programme for International Student Assessment (PISA)
study consists of assessing the competencies of students
worldwide, and in its 2022 edition, approximately 700,000 stu-
dents from 80 countries participated in the PISA 2022 [1], ran-
domly selected from a total population of around 29 million
students.

In general, the reading comprehension assessment in PISA
evaluates the ability to understand, use, evaluate, reflect on, and
engage with texts. While specific cognitive processes such as
inference making or information integration are crucial [2, 3],
this study focuses on the global score for this dimension among
adolescent participants based on the PISA study 2022. This global
indicator synthesizes students’ performance across all un-
derlying reading-related processes, providing a single, compa-
rable measure of overall proficiency. This approach allows us to
analyze how external determinants—specifically daily habits and
the technological environment—impact overall performance,
shifting the focus from isolated cognitive subskills to the broader
context of the student’s lifestyle. Moreover, understanding how
these broader factors interact with reading performance is es-
sential for interpreting cross-national trends.

The reading comprehension skills dimension in PISA 2022
continues to show great interest in the psychological-cognitive
approach.

Spain’s situation regarding reading comprehension skills (noted
in the report under the label reading) is still improvable,
according to the PISA 2022 report [1]. Despite being a developed
country, Spain ranks in the average range in the second quartile
for reading comprehension scores, along with 12 other countries.
Spain has a reading average score of about 481, placing it 28th in
this ranking of 81 countries. This study has the advantage of
focusing on a single country, thereby contextualizing the cultural
factor into one.

Building on this conceptual framework and the evolving nature
of reading assessment across PISA cycles, the present study
analyzes PISA 2022 data using advanced analytical techniques.

These analytical tools allow us to explore how students’ daily
habits, as captured in the PISA 2022 questionnaires, relate to
their reading comprehension skills.

Using the PISA 2022 dataset, this article presents an in-depth
analysis of how Spanish adolescents allocate their time and the
potential impact on their reading comprehension skills. Adoles-
cents’ daily lives are increasingly defined by a complex interplay
between digital engagement and traditional activities. The ubiq-
uity of smartphones and social media raises questions about their
potential interference with reading habits, while educational apps
are often promoted as learning aids. Simultaneously, traditional
factors such as the availability of a home library or participation in
sports continue to compete for students’ time. Furthermore,
structural academic indicators, specifically grade repetition, re-
main critical in the Spanish educational context.

To address the gap in understanding the combined effect of these
modern and traditional habits, we selected a specific set of
predictors from the PISA questionnaires to use in a predictive
regression model, taking Spain as a case: grade repetition, sports
practice, book availability at home, and time spent on

smartphones, educational apps, social networks, and digital
content creation. Although prior research has examined some of
these factors individually, no study has comprehensively in-
vestigated them together using ML techniques with a focus on
explainability. This approach can provide a better understanding
of the relationships between these factors, thereby helping to
identify habits or circumstances that should be either encouraged
or discouraged. Furthermore, Spain is analyzed as a country-level
case within the comparative statistical framework. Accordingly,
the present study seeks to address the following research
questions:

« RQ1. What are the key technological and nontechnological
factors that predict reading comprehension skills in Spanish
adolescents?

« RQ2. How does the time spent on these specific activities
positively or negatively influence reading performance?

2 | Literature Review

2.1 | Contextual Factors Influencing Reading
Comprehension Skills

Reading comprehension is not an isolated cognitive skill but is
deeply influenced by the environment in which adolescents grow
and learn. While cognitive factors such as vocabulary and in-
ference making are foundational [2], large-scale assessments like
PISA highlight the critical role of contextual variables. These
include the home environment, leisure habits, and the in-
tegration of technology in daily life. Understanding these de-
terminants is essential, as reading literacy remains a primary
predictor of future academic and professional success [4].

PISA consistently shows that student-level factors such as
metacognition, enjoyment of reading, self-concept as a reader,
and the language spoken at home are among the strongest
predictors of reading comprehension (Firat & Conyucu [5-9]). At
the family level, socioeconomic status, the availability of books
and learning resources, parents’ educational level, and shared
reading habits play a central role in shaping literacy outcomes
[7-9]. Within the school and classroom context, variables such as
classroom climate, discipline, teacher support, and the amount of
time devoted to reading activities are repeatedly associated with
higher reading performance [6, 8, 10, 11]. Finally, technological
factors, including ICT competence, moderate and purposeful
Internet use, and appropriate family monitoring, also influence
reading comprehension, highlighting the importance of balanced
digital engagement [6, 9, 11].

Previous research with adolescents has shown that lifestyle-
related variables—such as digital habits, leisure preferences,
and time-use patterns—can be as influential as traditional
sociodemographic factors in shaping reading performance
[11, 12]. These studies highlight the need to consider broader
contextual determinants beyond parent’s educational level or
school type when analyzing reading comprehension in large-
scale assessments.

2.2 | Home Environment and Leisure Habits

A substantial body of research has emphasized the importance of
home literacy environments, including shared reading practices,
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access to printed materials, and opportunities for reading for
pleasure [13, 14]. Recent research with adolescents shows that
reading on paper supports better comprehension of main ideas
compared to reading on screens, suggesting that traditional print
materials may offer cognitive advantages during complex reading
tasks [15].

A growing body of evidence from PISA analyses consistently
highlights the importance of home and leisure environments in
shaping adolescents’ reading comprehension. One of the stron-
gest predictors is the availability of books at home, which reflects
a rich literacy environment and is repeatedly associated with
higher reading performance in international models [16-19].
Similarly, higher parents’ educational level tends to correlate with
better reading outcomes, as it often translates into greater aca-
demic support and more sustained exposure to literacy practices
[11,17,19, 20]. Leisure reading—particularly the habitual reading
of books and fiction—also shows a robust positive relationship
with PISA reading scores, reinforcing the value of voluntary
engagement with texts [21-24]. In contrast, heavy engagement in
leisure digital activities, especially recreational screen use and
gaming, is frequently linked to lower reading performance
[11, 18, 25], suggesting that these habits may displace time and
cognitive resources needed for deep reading. These findings align
with broader research traditions that have examined specific
components of the home environment, such as the availability of
books and shared reading practices.

2.2.1 | Availability of Books at Home

The presence of books in the household is a robust proxy for
a family’s scholarly culture and has been consistently linked to
higher literacy levels. Sikora et al. [26], in a large-scale study
covering 31 societies, demonstrated that growing up in a home
with a sizable library enhances adult literacy, numeracy, and
technological problem-solving skills, independent of parents’
education or occupation. This “scholarly culture” promotes
a context in which reading is valued, directly impacting ado-
lescents’ comprehension skills. Studies such as Merga [13] em-
phasized that shared reading practices and access to diverse
printed materials foster positive attitudes toward reading and
richer comprehension.

2.2.2 | Impact of Sports Practice

The relationship between physical activity and academic per-
formance is complex. Some research suggests that physical ac-
tivity can improve executive functions, which support reading
comprehension [27, 28]. Tiberi et al. [29] argued that cooperative
sports foster cognitive skills beneficial for learning. However, the
time displacement hypothesis suggests that excessive time spent
on extracurricular activities, such as intensive sports training,
may reduce the time available for academic pursuits and reading,
potentially leading to lower performance [30]. Other research
highlights the role of motor coordination tasks in supporting
language and discourse development [31, 32], as well as the
importance of socialization and external support programs in
improving both self-esteem and reading-related skills [33, 34].

2.3 | Technological Habits and Screen Time

Technological habits have become central to adolescents’ daily
lives, shaping how they access information and engage with

learning. While excessive or unstructured screen time can be
detrimental, evidence shows that not all digital practices have the
same impact. A systematic review by Adelantado-Renau et al.
[35] reports that leisure screen use, including television, social
media, and video games, is negatively associated with academic
achievement, and intensive social media use may hinder deep
reading [36]. In contrast, specific forms of active digital enga-
gement—such as content creation requiring synthesis and
evaluation—can enhance reading comprehension in certain
contexts [37, 38]. Overall, the literature differentiates between
passive digital consumption, often linked to poorer outcomes,
and active, purposeful engagement, which may offer cognitive
benefits.

Across PISA studies, research on total ICT use consistently shows
that high levels of overall screen exposure tend to produce neutral
or negative effects on academic outcomes [12, 39, 40]. Evidence on
excessive recreational use indicates that leisure-oriented screen
time, including social media, gaming, and video streaming, is
associated with poorer performance in reading, mathematics, and
science [18, 41, 42]. In contrast, studies examining ICT attitudes
and autonomy report positive and stable associations, suggesting
that students who display confidence, self-regulation, and pur-
poseful engagement with digital tools achieve higher levels of
academic performance [12, 39, 43]. Finally, research on classroom
distraction highlights that the use of social networks during
lessons is linked to reduced attention and lower achievement
[40, 44].

These patterns are further reflected in specific digital behaviors,
such as smartphone use and engagement with educational
applications.

2.3.1 | Smartphone Usage and Educational Apps

The ubiquity of smartphones has transformed how adolescents
access information. While moderate use can support digital
reading skills, the nature of the usage is critical. Johnson [45]
found that mobile phones could assist adolescents with limited
language proficiency. However, the use of specific educational
apps outside of formal schooling shows mixed results. While
some interventions suggest benefits for vocabulary retention
[46], others point to a lack of clear evidence regarding their
effectiveness for higher level comprehension compared to
traditional methods.

2.3.2 | Social Networks and Digital Content
Creation

The time spent on social media and digital entertainment is
increasingly concerning. A systematic review by Adelantado-
Renau et al. [35] shows that leisure screen time—television,
social media, and video games—is inversely related to academic
performance, and high social media engagement may compete
with the cognitive resources needed for deep reading [36].
Studies with Spanish adolescents indicate that online reading or
research can support learning, whereas excessive social media
use and gaming predict poorer school outcomes [12], and in-
tensive social media use is linked to weaker reading skills [43].
Conversely, creating digital content requires synthesis and
evaluation skills (Turner et al., 2019), and some tools for mul-
timodal tasks may enhance reading comprehension in specific
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contexts [38], underscoring the distinction between passive and
active digital engagement.

2.4 | School Context: Grade Repetition

Grade repetition is one of the most debated policies in PISA
reports: Some countries prohibit or restrict it, while others make
extensive use of it. As a structural feature of education systems,
repetition has significant implications for academic achievement,
and Spain stands out for having rates well above the OECD av-
erage. Evidence from PISA consistently identifies repetition as
a strong predictor of lower academic outcomes. In Spain, several
studies using causal methods (instrumental variables, selection
models, and propensity-score techniques) show that repeating
a year substantially reduces achievement, with estimated effects
between 1.5 and 1.7 standard deviations in PISA 2003-2018 [47].
The broader PISA debate similarly concludes that repetition, as
currently implemented, does not improve performance and in-
stead exacerbates inequalities [48] and psychosocial risks [49].
Consequently, studies recommend early intervention, in-
dividualized support, and pedagogical adjustments rather than
relying on repetition as the standard response to low achievement.

Beyond PISA, Marsh et al. [50] and Jimerson [51] show that
repetition rarely addresses learning gaps and is instead linked to
lower achievement and socioemotional difficulties. Research in
the field of reading similarly indicates that retained students tend
to exhibit persistent difficulties, and studies such as Demagistri
[52] and Sainio et al. [53] associate repetition with both reduced
academic performance and heightened emotional distress during
adolescence. Motivation and engagement also play a key role:
students with stronger reading skills typically display higher
academic motivation [54], while stressful life events and im-
pairments in executive function contribute to poorer outcomes
among repeaters [55].

2.5 | Use of Machine Learning (ML) Models With
Explainability in the Context of Data Analysis

ML, a core branch of artificial intelligence (AI), revolves around
algorithms designed to automatically extract underlying data
patterns and forecast future observations (supervised learning).
This methodology fundamentally relies on a two-phase work-
flow: initially fitting a model on a training dataset and sub-
sequently leveraging that learned structure to predict outcomes
on unseen records. The robustness of ML has driven its suc-
cessful integration across highly diverse domains. For instance, it
has updated predictive maintenance and quality control in the
industrial sector [56-58], optimized diagnostics and clinical
analytics in healthcare [59, 60], and significantly advanced the
field of educational data mining [43, 61, 62]. In the specific
context of international educational assessments, recent works
like Alvarez-Garcia et al. [63] have successfully applied un-
supervised ML techniques (such as clustering and dimensionality
reduction) to the PISA 2022 dataset to categorize student profiles
independently of their academic grades.

Despite their outstanding predictive capabilities, a significant
barrier to the widespread adoption of advanced ML models is
their inherent opacity, commonly referred to as the “black box”
problem [64]. The analytical ecosystem encompasses a wide
spectrum of paradigms—ranging from decision trees and support
vector machines to neural networks and neighborhood-based

algorithms. Their primary advantage lies in their flexibility to
seamlessly model complex, nonlinear interactions within mul-
tidimensional datasets, which traditionally outperform strict
linear assumptions [65]. To maximize predictive performance,
the standard methodological consensus dictates benchmarking
a variety of these algorithms to pinpoint the optimal architecture
for the specific analytical problem at hand.

To bridge the gap between high accuracy and lack of trans-
parency, the burgeoning field of explainable artificial intelligence
(XAI) provides essential frameworks for interpreting complex
models [66]. Among the most robust methodologies are post hoc
interpretability algorithms, which are applied after model
training to decipher its internal logic (XAI-ML). A prime stan-
dard within this approach is the SHapley Additive exPlanations
(SHAP) framework, conceived by Lundberg [67]. By anchoring
its calculations in cooperative game theory, SHAP systematically
quantifies the exact contribution of each predictive feature,
enabling researchers to comprehensively map variable influence
across global datasets, specific demographic subgroups, or even
individual adolescent profiles.

3 | Methods

3.1 | Participants and Study Design

The PISA is a cross-sectional, large-scale assessment adminis-
tered by the OECD. It targets 15-year-old students to evaluate
their knowledge and skills in mathematics, science, and reading
literacy. The study employs a two-stage stratified sampling de-
sign: first, schools are selected proportional to size, and second,
students are randomly selected within schools [1]. This design
ensures a representative sample of the target population.

For this study, we utilized the Spanish subset of the PISA 2022
dataset'. After cleaning and preprocessing (described in Section
3.2.3), the final sample consisted of 30,800 students. The dataset
includes student background questionnaires, school question-
naires, and cognitive assessment scores. The study design is
observational, aiming to identify associations and predictive
patterns rather than establishing causality through intervention.

Table 1 provides a summary of the data, indicating that the
distribution of sampled students is relatively balanced by gender
across most regions. The regions with the largest sample sizes are
the Basque Country, Madrid, Navarre, and Galicia, each with
over 1800 students. Regarding reading test performance, the
regions with the highest average scores are Asturias and Castile
and Leon, both achieving average scores exceeding 500 points.

3.2 | Data Description, Target Variable, and
Predictors

The target variable for this study is the students’ performance in
reading comprehension (reading PISA score). The predictors
were selected from the student and school context questionnaires
based on the dimensions defined in our research questions: home
environment, technological access and habits, and school factors.

Table 2 details the variables used. Educational levels are clas-
sified according to the International Standard Classification of
Education (ISCED). The reliability of the self-reported scales is
documented in the PISA technical reports [1]. These predictors
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TABLE1 | Number of participants and descriptive statistics (mean and standard deviation) of reading comprehension scores in the study sample,

separated by region and sex.

Reading Sex

Region Female Male

M SD N M SD N M SD N
Asturias 502.3 84.5 1724 513.7 80.7 841 491.4 86.6 883
Castile and Leon 502.0 82.0 1733 512.0 81.4 874 491.8 81.3 859
Madrid 499.3 85.9 2138 510.8 83.1 1052 488.2 87.2 1086
Cantabria 497.9 81.2 1677 505.4 79.0 800 491.1 82.5 877
Aragon 490.9 85.3 1420 506.9 81.6 669 476.6 86.0 751
Galicia 489.5 81.8 1824 502.9 75.8 903 476.4 85.3 921
La Rioja 488.3 88.6 1394 507.0 82.9 671 471.0 90.2 723
Comunidad Valenciana 486.7 84.9 1625 498.8 81.5 806 474.8 86.6 819
Navarre 479.5 86.1 1826 492.1 84.0 893 467.4 86.5 933
Balearic Islands 476.0 83.2 1576 485.9 81.9 785 466.2 83.4 791
Murcia 475.1 86.5 1669 486.6 82.6 824 463.9 88.7 845
Extremadura 472.9 83.7 1685 484.0 77.7 857 461.5 88.1 828
Basque Country 472.1 83.5 3244 487.5 78.2 1616 456.7 85.8 1628
Castile-La Mancha 470.9 80.9 1671 481.4 78.0 819 460.8 82.3 852
Canary Islands 466.2 84.9 1686 476.8 79.7 842 455.5 88.5 844
Andalusia 465.6 87.7 1707 476.3 83.1 872 454.4 90.9 835
Catalonia 464.5 93.5 1597 481.5 89.6 786 448.0 94.3 811
Ceuta and Melilla 421.3 87.4 604 430.0 84.2 329 410.9 90.1 275
Summary 480.9 86.2 30,800 492.9 82.6 15,239 469.0 88.1 15,561

were selected because they directly represent students’ daily
habits, home resources, and technological engagement, which
align with our research questions.

3.3 | Data Analysis

For our analysis, we adopted an ML approach by testing and
validating several algorithms. We selected a specific metric,
commonly used in this type of study, to evaluate the results. This
metric provided a robust framework for assessing the perfor-
mance of the different algorithms under consideration.

3.31 | ML Approach

Recent methodologies in data analysis using ML models on PISA
datasets have been demonstrated in studies such as those by Tan
and Cutumisu [68], where a couple of ML algorithms are tested
and compared, and in Miao et al. [69], which employs a single
algorithm throughout the analysis. Similarly, our research fol-
lows the approach outlined by Rico-Juan et al. [11], aiming to
improve the robustness of results by evaluating a range of ML
algorithms that represent distinct learning paradigms proven to
yield the best outcomes. This comprehensive approach allows us
to select the most suitable algorithm for predicting outcomes,
thereby enhancing both accuracy and interpretability of the
results. The algorithms examined are categorized into linear
models, decision and random trees, boosting, gradient boosting
techniques, and neural networks.

To ensure a comprehensive evaluation, we benchmarked a diverse
array of predictive architectures against a naive Baseline (which

systematically outputs the training set’s mean reading score). The
evaluated methods encompass several algorithmic families:

« Linear approaches: This includes standard linear regression
fitted via least squares, alongside regularized variants
designed to manage multicollinearity, such as Ridge [70],
LASSO [71], and Automatic Relevance Determination (ARD

[72]).

« Tree-based structures: Ranging from a single decision tree,
which splits data based on optimal feature thresholds [73], to
random forests, which build an ensemble of unpruned trees
to significantly reduce variance [74].

« Boosting ensembles: We tested AdaBoost, which iteratively
adjusts the weights of sequential linear regressors based on
prior prediction errors [75]. Additionally, we evaluated
state-of-the-art gradient boosting algorithms—specifically
XGBoost [76], CatBoost [77], LightGBM [ 78], and Histogram
GBR [79]. These methods sequentially build decision trees
by minimizing differentiable loss functions, typically of-
fering highly accurate predictions for tabular data.

» Neural Networks: Finally, we included a multilayer per-
ceptron (MLP), representing a classic feedforward neural
network with fully connected successive layers [80].

This diverse set of algorithms provides a comprehensive
framework for identifying the most effective models, allowing for
enhanced predictions and deeper insights into the analyzed data.

To evaluate the predictive performance of the employed ML
models, we adopt an evaluation framework. Specifically, we

Human Behavior and Emerging Technologies, 2026

50f 18

251807 SUOWILIOD AITERID 3[fed1 ke Uy Aq PouEA0B a1 SB IR YO ‘98N J0 SaINI 10} AIRIqIT BUIIUO 3|1 UO (SUO 1 IPUOD-PLE-SULLBYALIOD" 8] W ARGl PUIUO//'SA1IL) SUOTIPUOD PUE S | aU) 295 *[9202/60/82] U0 ARJd1T8UIIUO AB]1M BARNH 8Q PEpSIRAIN -BNGD AQ BT8BBE8/Z2AU/GSTT OT/I0p/W0Y" &8I ATeIq1 U U0/ SdnY Wo1 popeo|umod ‘T ‘9Z0Z Pay



hbet, 2026, 1, Downloaded from https://onlinelibrary.wiley.com/doi/10.1155/hbe2/8388818 by Chua - Universidad De Huelva, Wiley Online Library on [28/09/2026]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

\O
‘[eslIdWINU pue [ed11039)ed 0} puodsarrod adA) uwn(od Jo sanfea WNN Pue 18D ‘SAILWIISS POOYI[I] PAYSIom I0J Spuels dTM ION m
(000T1:0) wnN (0) 21098 VSId Surpeay avayad Jurpeay w
(sAep +¢ ‘skep ¥ ‘skep ¢ ‘shep g ‘Aep T ‘sAep ) 1) () 110ds e som0e1d 10 9sIoIOXH juads auiL VIS0OVY6Z1S 19010 M
(31BN “oTeWay) ELe] (0) 1opudn LT0A¥00LS S
(pareaday ‘10AdN) o) (¢) uonmnada1 spein Lvddad — m
(dreantd ‘9reAlIg-oT[qnd ‘Orqnd) 1) (1) 2d£y [00yoS AIALHDS m
(BIIIPIN % BINDD ‘BUBIOUI[BA pepIUNWIO) ‘A1UN0) M
onbseq ‘a11eAeN ‘@10InN ‘pPHIpPeIA ‘lory e ‘B[R ‘eINpeWnXg N
‘eTuo[RIR) ‘BYOURIAl BT-9[1ISBD ‘U0 pue J[Nse) ‘BlIqeIue) m
‘spue[s] A1eue)) ‘Spue[s] OLIed[eqd ‘SELINISY ‘U0SeIY ‘BISN[EPUY) 1) (0) uor3ay NOIOTY orydeiSoen M
(S8+ :5'8—) wnN () (@TM) (YUSUISISE) SSOUIATIISSY AOVIESSV m
(9+ :19-) wnN (S) (ATM) (Guowaaide) 20UBIIAISII] AOVAASYAd uondeorad (s 3
(5+ :5-) wnN (9) (A1M) (Juoweaide) Kysorn)d AOVORIND
(Kep/s1q +£ ‘Aep/y L-S ‘Aep/y s-¢ ‘Aep/y -1 ‘Aep/y T > ‘OuIn) oN) 1) (11) 1ua)u0d 1eN3IP 1P I0 31e3IO :Juads WL, VILOOLLIDI
(Kep/s1y +, ‘Kep/y L-S ‘Aep/y s—¢ ‘Aep/y -1 ‘Aep/y 1> ‘oW oN) 1e) (11) auruo uonewojur [eoroeid 10y Joof :Juads awl], VIY0OLLIDI
(Aep/s1y +L ‘Aep/y L-S ‘Aep/y s—¢ ‘Kep/y -1 ‘Aep/y 1 > ‘OuIn oN) 12D (11) sy10mIau [eroos ;Juads awl, VISOOLLIDI
(a1qerreae 0N
‘Kep/sowin} +1 ‘Aep/sowin} T ‘Y9om/SoWI) -1 ‘YIUOW/SIWN) 7-T ‘I9AAN) 18D (01) 9sn sdde TeuoneoNpa [00YIs-JO-IN0 Juads SWIL], VISOOTLIDI
[Aep/s1y +, ‘Aep/y L—S ‘Aep/y s—¢ ‘Aep/y -1 ‘Aep/y 1 > ‘owny ON| 1e) (TT) SyI0MI_U TRIO0S 3SMOIq :Judds dwl], VIZOOLLIDI
(Kep/s1y +L ‘Aep/y L-S ‘Aep/y s—¢ ‘Kep/y -1 ‘Aep/y 1 > ‘OuIn oN) 1) (11) sowed oapia Aed :juads auur], VITOOLLIDI
(Kep/s1y +, ‘Kep/y L—G ‘Aep/ys-¢ ‘Kep/y¢-T ‘Aep/y1> dwn oON)  IeD (1T) uny 10§ JoUILBIUT 3sMo1q uads Sy, VIE0OLLIDI
(91qerreae JoN
‘Aep/sown} +1 ‘Aep/sowin) T o9M/SoWIN) Z—T ‘YIUOWI/SOWN) Z-T ‘TOAIN) 18D (01) 9sn sawed [00Yds-Jo-1N0o :Judds auwiL], VI900OTLIDI
(S19€TIEA® 10N [eo13ojouyoa],
‘Kep/sowin} +1 ‘Aep/sowin} T Y9om/SoWI) -1 ‘YIUOW/SSWI) 7-T ‘I9AAN) 18D (0T) 9sn 33[qe) [00Y2s-Jo-1no :juads awir], VIE0OTLIDI
(1D
(yuowr/+1 ‘A[YIUOIN ‘1&/S—€ ‘IK/7-T ‘I9AIN) 1)  swiope[d 10 SYI0M]SU [BIO0S UO JUd)U0D Te3IdIp a1eys :juads swl], V[ Z0OS61DS
(s1qe[reAe JON ‘Aep/1e19AdS ‘A[re oom/z-T1 ‘YIuouwl/Z-T ‘I9AIN) 1) (01) 9sn 19IndwWod [00YDs-JO-1N0 Juads duIL], VITOOTLIDI
(s1qe[reae 10N
‘Aep/sown} +1 ‘Aep/sowin) T o9M/SoWIN) Z—T ‘YIUOWI/SOWN) Z-T ‘TOAIN) 18D (1T) SS900® J9UIAIUI [00YIS-JO-INO :Judds ], VI0OTLIDI
(a1qerreae joN
‘Kep/sowiny +1 ‘Aep/sowin} T Yoom/sowin) -1 ‘YIUOW/SoUW) -1 ‘I9AIN) 18D (01) asn asuoydirewrs [00y9s-Jo-Jno :Juads awy, VIZOOTLIDI
(303[qns ON ‘U0SSI AI9AH ‘SUOSSI[ /T < ‘SUOSSI[ /T ‘SUOSSI /T > ‘TI9ASN) 18D (8) suossa[ 20uaIds 19INdWI0D UT SN JIN0SAI [eIFIg VIr0O£LIDI
(814 ++ “Ub-€ Y¢-C ‘Ye-T IY T-UlW € ‘U 0 >) 1eD (L) sjroMmdWIOY T30} UO Juads SwI], VI70096CLS
(Aep/s1y +, ‘Kep/y L-S ‘Aep/ys—¢ ‘Aep/y -1 ‘Aep/y 1> ‘Own oN) Lo} (11) s[endjeW [RUONIBWLIONUT Juads awl], VI900LLIDI
(40T ‘019 ‘9AIq ‘INOA ‘99IU], ‘OM], ‘QU(Q ‘SUIIIS ON) 1) (€) 2wy Je JUNOJ SUIIIS IIM SIIASP [edIg VI10DESTIS QWIOH
(I> @adsI ‘T @adsI ‘T aadsI ‘€' ddoSI ‘¥'€ addSI) 150) (9) Surooyds Jo [9A3] IS8Y3IY S ISYION VITOOS00LS
(I > @adSsI ‘T @adsI ‘2 aadsI ‘€' ddoSI ‘¥'€ addSD) 150) () Surgooyas Jo [2A3] 1S9Y3IY S IAYIEL VIT0OL00LS
soneA adAj, (% Surssrwr) uondrdsaq 9apod VSId UOoISuUdWIq w
‘(sonyea pue ‘@d£) ‘(9 Surssrur]| uondrrossp ‘Opo) VSId) Apnis SIY) UI pasn SI[qeLieA pue suolsuowiq | ¢ ATIV.L c1m.
]



implement the 10-fold cross-validation method, a widely ac-
cepted approach in statistical modeling that enhances the re-
liability of evaluation by partitioning the dataset into 10 disjoint
subsets. Each subset is used once as a validation set, while the
remaining subsets form the training set. This approach ensures
that the models are evaluated on unseen data, providing a more
accurate estimate of their predictive performance.

To compare the performance of different models, we employ the
R-squared (R?) metric, a commonly used measure in regression
analysis [81]. R? represents the proportion of variance in the
dependent variable that is predictable from the independent
variables, providing a measure of how well the model explains
the variability in the data [82]. The R? metric ranges from 0 to 1,
where higher values indicate better model performance, with 1
representing a perfect fit. This intuitive measure of model
goodness-of-fit enables straightforward comparisons between
models, allowing us to identify the most effective models for
predicting the target variable.

3.3.2 | Preprocessing Data

Many traditional ML algorithms require that all input data
contain known values; otherwise, the algorithms cannot be
applied. To resolve the issue of missing data, two main strategies
can be employed: removing samples with missing values (which
in our case would result in the loss of approximately 33% of the
dataset) or applying imputation techniques. In our study, as
shown in Table 2, the dataset contains missing values, and to
preserve as much information as possible for model training, we
chose to apply an imputation algorithm.

We selected an advanced multivariate imputation method
[79, 83]. This method operates iteratively in a sequential updating
process (round-robin), where each feature with missing values is
predicted using the information from other observed variables.
The imputation process involves constructing regression models
for each feature, using the available data from other features to
estimate and fill in missing values. This approach ensures that all
observed data, as well as the relationships between features, are
fully utilized during model training.

Regarding data standardization, numerical features in the PISA
dataset are supplied as weighted likelihood estimates (WLE) [84],
meaning that they do not require any additional scaling for our
models. Categorical variables, however, were transformed into
binary vectors via one-hot encoding. This procedure expands
each categorical predictor into several distinct Boolean columns
(one for each possible category level). In this format, a value of
one indicates the presence of that specific trait for a given

student, while the remaining related columns are set to 0. This
vectorization is particularly necessary to facilitate the mathe-
matical convergence of linear or distance-based algorithms, al-
though tree-based models can inherently handle categorical
splits regardless of this transformation.

By transforming the original data into these common repre-
sentations, we enhance the learning capabilities of certain types
of algorithms, particularly linear algorithms. For algorithms
based on decision trees, for example, this transformation does not
affect their learning.32

3.3.3 | ML and Explainability

High predictive accuracy in ML usually comes at the cost of
algorithmic opacity. To unveil the internal decision-making
process of our best-performing model, we implemented post
hoc explainability techniques (see Figure 1).

Traditionally, variable importance is estimated by measuring
performance drops after randomly shuffling a specific pre-
dictor (permutation method) [74]. However, we opted for
a more mathematically robust framework based on Shapley
values [85]. By calculating the average marginal contribution
of a feature across all possible predictive combinations, SHAP
guarantees key theoretical properties such as local accuracy
and consistency. This theoretically sound metric translates
complex algorithmic pathways into interpretable impacts,
allowing us to accurately quantify how specific digital habits,
sports practice, or home resources alter reading comprehen-
sion scores in adolescents.

Shapley values are particularly useful when understanding the
overall impact of a variable is necessary, but explaining its in-
fluence on a group of samples or a specific sample is challenging.
Lundberg and Lee [86, 87] have made significant progress in
addressing these challenges. One valuable tool that follows this
approach is SHAP [67], which enables explainability at the
global, group, or individual level.

4 | Results

This section presents the findings derived from the ML analysis.
First, we validate the selection of the CatBoost model. Second, we
address RQ1 by identifying the most significant predictors of
reading comprehension (Section 4.2). Finally, we answer RQ2 by
analyzing the specific positive or negative influence of these
time-use habits (Section 4.3) and statistically validating the
profiles associated with high performance (Section 4.4).

-

Trained machine O
learning model

L]
Prediction /\/I

O i

Y

Explainer
model

-

—>| Explanation 'Y

J " J

FIGURE 1 | General scheme of the post hoc explicability of machine learning models.
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FIGURE 2 | Average results of 10-fold cross-validation using the R?
metric. Higher results are better.

4.1 | Selection of the ML Model

To answer the research questions, we first need to select an
ML model.

Figure 2 presents the average results of the cross-validation using
the R? metric. Notably, the baseline model exhibits a value of
zero, as this reference model does not account for any variance in
the predictions by consistently predicting the average reading
score of the training set. Furthermore, it is important to compare
the results to ascertain whether the differences between the
algorithms are statistically significant.

Figure 3 shows a comparison of the statistical significance between
pairs of algorithms according to the R? metric. These comparisons
were conducted using the Wilcoxon signed-rank test [88],
employing the standard 95% confidence level [89] with Holm’s
adjustment [90]. This nonparametric statistical test does not

Reading |
CatBoost 1 @ ®© © © © © © © @ 0 ©
IGBM 1® © © © ¢ ¢ 0 0 ©
HistogtamGBR 1 @ © © © © © ®© ® ©
XGB1® © © © 00
Neuralnet 1 @ ® @ ® ® @
Randomforest {1 @ ® ® ®@ ® @
Linear Regression 1 @ @ ® @
Ridge 1@ ® @ @
Lasso 1@ @® @
AdaBoost 1 @ @
Decision tree { @
Baseline
28228553 TCEzZ %
= 8 0 82 % 2 2 %0 2
g g@md& g & F © A
s S 8 5 g 5 g = 3
mE Z ¥ s 2 g o
3] = g Z &0
o] = & Q
A s s @2
g ™ =
—

FIGURE 3 | Results of the Wilcoxon 10-fold cross-validation test
according to the RMSE values. Green bullets indicate that the row al-
gorithm is significantly better than the column algorithm at 95%
confidence.

assume a normal distribution of means. The results indicate that
gradient-based tree and neural network models significantly
outperform others (as denoted by the green bullets) as in Rico-
Juan et al. [11]. Given the advantage of CatBoost over the others,
we henceforth select it as the algorithm to perform
explainability tests.

In addition, we conducted preliminary tests on some partitions
using hyperparameter optimization algorithms [91] on models
based on gradient boosting. Although this approach involves
a high computational cost compared to learning with default
parameters, the potential improvement in results can justify the
parameter adjustment. However, in this case, the differences
obtained were not greater than those achieved with the default
parameters. Consequently, we decided not to perform the full
tests with cross-validation.

4.2 | Identification of Key Technological and
Nontechnological Factors (RQ1)

The significance of the variables is determined by their ability to
explain the target variable, reading comprehension skills. The
CatBoost algorithm is employed to quantify these relationships,
as it efficiently incorporates categorical predictors without re-
quiring extensive preprocessing and offers robust performance in
high-dimensional analytical settings.

In the trained model, Shapley values are computed for each
variable, with their mean absolute values used to quantify the
relative importance of each predictor using a 10-fold cross-
validation strategy. Figure 4 presents the predictors ranked
according to their significance within the model. The subsequent
analysis provides estimated impacts as determined by SHAP
values, disaggregated by sample, with a focus on the most in-
fluential variables. It is relevant to contextualize these impacts
within the range of theoretical PISA scores, which span from 0 to
1000. Empirically, in Spain, the highest average reading com-
prehension score is observed in Asturias (502.3 points), while the
lowest average score is reported in Catalonia® (464.5 points),
resulting in a notable disparity of 37.8 points between these
regions (refer to Table 1). This performance gap serves as
a benchmark for evaluating the estimated impacts of the vari-
ables presented in Figure 4 and subsequent figures. Additionally,
it is important to consider that the difference of approximately 30
points in PISA scores is often interpreted as roughly equivalent to
the academic progression of one school year [4].

The variables with the highest average impact are grade repe-
tition with an absolute average impact of 13.8, and Time spent:
Exercise or practice a sport with 13.38. This value represents
slightly more than one-third of the 37.8-point difference observed
between the top and bottom performing Spanish regions, and it
also corresponds to about one-third of the difference in an ac-
ademic course level.

We will statistically analyze the relationship between these two
main variables by counting the number of adolescents in each
category (Table 3). To do this, we will use Pearson’s chi-squared
test [92], yielding a result of x* (1, N = 30,800) = 655.24, p-value <
0.001. This allows us to reject the null hypothesis and conclude
that these variables are not statistically independent, suggesting
that there is a relationship between sports participation and grade
repetition. Students who do not participate in sports (Sport: 0
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Grade repetition

Time spent: exercise or practice a sport

Digital resource use in computer science lessons
Books count at home

Time spent: out-of-school smartphone use

Time spent: out-of-school educational apps use
Curiosity (agreement) (WLE)

Time spent: create or edit digital content

Time spent: social networks

Assertiveness (agreement) (WLE)
Time spent: Look for practical information online
Time spent: browse social networks

Time spent: out-of-school tablet use
Economic, social, and cultural status index
Digital devices with screens count at home

Time spent: browse internet for fun

Time spent: out-of-school internet access
Perseverance (agreement) (WLE)
Mother's highest level of schooling

Time spent: out-of-school games use
Father's highest level of schooling

Time spent: share digital content on social networks or platforms
Time spent: out-of-school computer use
Time spent: play video games

Time spent on total homework

School type

Time spent: informational materials

Reading

Region

Gender

Average impact on the output

FIGURE 4 | Average importance in the absolute value of predictors and their impact on the outcome variable Reading.

days) appear more likely not to have repeated a grade, while those
who do participate in sports (Sport: 0+ days) seem more likely to
have repeated a grade. All of these results are related to RQ1.

It is worth noting that while psychological traits such as curiosity
appear as relevant predictors (Figure 4), this study focuses
specifically on modifiable habits and time allocation. Therefore,
the subsequent detailed analysis will prioritize technological and
daily activity factors over personality traits, as these offer more
direct avenues for educational intervention.

4.3 | Analysis of the Influence of Time Allocation
on Reading Skills (RQ2)

We will conduct a detailed analysis of the most relevant factors
presented in the previous subsection. We focus on analyzing
specific habits, such as how adolescents spend their time and
how the home environment can positively or negatively influ-
ence this process. We will consider the frequency and type of

TABLE 3 | Number of Spanish adolescents with respect to grade
repetition vs. time spent exercising or practicing a sport.

Time spent: Grade repetition

Exercise

or practice a sport Never Repeat Total
0 days 13,146 1950 15,096
0+ days/week 11,887 3817 15,704
Total 25,033 5767 30,800

activities to identify behavior patterns that either promote or
hinder the development of these key academic competencies.

4.3.1 | Impact of Time Spent in Sport Practice and
Availability of Books at Home

Some variables show a positive relationship with the develop-
ment of reading comprehension, particularly when their fre-
quency of exposure increases (Figure 5). We observe that as the
number of days per week that sports are practiced increases, it is
related to obtaining lower results in reading skills. Adolescents
who do not participate in sports score between 10 and 20 points
higher. This score then decreases proportionally up to 3 days,
where the trend stabilizes. Students who practice sports for three
or more days score between 10 and 20 points lower.

Additionally, to estimate the causal effect of time spent in sports
practice on reading scores, we employed double machine
learning (DML) [93], an advanced statistical technique designed
to estimate causal relationships more accurately. Unlike tradi-
tional methods, DML uses two stages to reduce bias and account
for potential confounders. In the first stage, it estimates the
relationships between the treatment variable (time spent in
sports practice), covariates (other variables, Table 2), and the
target (reading) using flexible ML models. In the second stage, it
corrects for any bias in these estimates to isolate the true causal
effect. The results from this approach’ revealed a negative impact
on reading scores as the number of days spent on sports practice
increased. Specifically, the average treatment effects were —12.9
for 1 day per week, —17.7 for 2 days, —22.6 for 3 days, —22.8 for
4 days, and —25.0 for 5 or more days, all relative to 0days of
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Time spent:
2 exercise or practice a sport (13.38)
20 - !
0 T

0 days -
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2 days -
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4 days -

2 Books count at home (9.82)

1-10 ~
11-25
26-100 -
101-200 -
201-500 -
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No books -

FIGURE 5 | The effects of the model on the frequency of practice sports and books at home variables. Each subplot shows the name of the variable

and the average impact in absolute value in parentheses.

sports practice. This trend clearly indicates that, in similar cir-
cumstances, the more days a student spends on sports practice,
the greater the negative impact on their reading scores. By using
DML, we can be more confident that this relationship is causal
and not merely correlational.

We also notice that adolescents who have a greater number of
books at home tend to achieve better scores in this skill. Those
without books at home show clearly inferior performance, with
scores between 20 and 40 points below average. As the number of
books increases, the scores also rise proportionally, reaching
a notable increase up to a threshold of between 100 and 200 books.
Beyond this point, the results tend to stabilize, achieving additional

improvements of between 15 and 20 points in most cases. Both
variables show opposing impacts on reading comprehension
outcomes. On the one hand, the time spent engaging in sports
negatively affects reading skills, with an average impact value of
13.28, while the increasing number of books in the home positively
influences reading skills, with an average impact value of 9.89.

4.3.2 | Time Spent on Smartphone Usage and Use
of Educational Apps Outside of School

The use of technology outside the school environment may also be
relevant (Figure 6). The use of smartphones outside of school
appears to correlate positively with reading comprehension. In

Time spent:

Time spent: out-of-school
20 out-of-school smartphone use (9.20) 2 educational apps use (8.75)
20 - 20 -
1 - 0 --! -------- ...i
-20 4 ' . . =20 -
-40 | -40
-60 T T T T T T -60 T T T T T T
= g A > > 09 5 S A4 > > 0 9
: ¥ 3 8 I = : £ 8 2 I =
e 3 P P = Z. ) 5 P P =
z g = 5 5 El £ > 5 8 El
2 g E§ E =& 32 g E E =&
L N £ £ 2 % 3
SR - § 2 -
- —
FIGURE 6 | The effects of the model on time spent out of school using a smartphone or educational apps. Each subplot shows the name of the

variable and the average impact in absolute value in parentheses.
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cases where these devices are not used or are used with a fre-
quency of less than once or twice a week, scores are observed to be
between 10 and 25 points below average. However, when usage
increases to once a day, the results improve, and more frequent
use, that is, more than once a day, is associated with a slight
additional gain of between 5 and 10 points.

On the other hand, the use of educational apps has the opposite
relationship. The best results are obtained when these apps are
not used, or when they are used only 1 or 2 times a month
(between 5 and 15 points higher). If the frequency of use of these
applications is greater, it results in a score of between 0 and 10
points lower, or even up to almost 20 points lower when used
several times a day. The extracurricular use of smartphones
appears to have a positive effect, with an average value of 9.21. In
contrast, the use of educational applications seems to negatively
impact reading skills, with an average value of 8.67.

4.3.3 | Time Spent Using Social Networks and Time
Spent Creating Digital Content

Finally, in Figure 7, the impact of increased frequency of use on
the same day of social media or digital content editing on the
development of reading comprehension skills can be observed. In
the case of social media, using it for less than one hour a day
implies a greater reading comprehension, up to almost 20 points
more if not used at all, and up to 10 points more if used for less
than one hour. In contrast, when used for between 1 and 7 h, it
reflects a score between 0 and 15 points lower. Furthermore,
when used for more than 7 h a week, it can lead to a difference of
up to 20 points lower.

When students spend time creating digital content, the results
are very similar to the previous case. The trend is similar,
although with some different nuances. We clearly obtain
a higher score when this task is not performed at all, between 5
and 15 points more. There is practically no effect when used
for less than one hour a day, and it starts to have relevance

Time spent:
40 - social networks (7.43)

-60

No time -

< 1hr/day -

1-3 hrs/day -
3-5 hrs/day -
5-7 hrs/day -
7 + hrs/day -

when digital content editing is done for between one and three
hours, resulting in between 5 and 20 points lower in reading
comprehension. This negative trend continues until these
activities are performed for more than 7h a day, which can
lead to a reduction of up to 30 points. In both cases, a similar
trend is observed: the greater the usage, the lower the reading
comprehension. Additionally, the average values are practi-
cally identical, 7.43 and 7.62, respectively, for social media use
and digital content editing.

4.3.4 | Analysis in the School Context: Grade
Repetition and the Use of Digital Resources in
Computer Science Lessons

In the previous sections, we have focused on analyzing variables
that evaluate the habits of adolescents, particularly in relation to
the use of digital resources. However, other factors inherent to
the school environment also have a significant influence on the
development of reading comprehension skills.

One of these factors is grade repetition, which shows a marked
difference in the scores obtained in reading comprehension.
According to the data presented in Supporting Information (see
Supporting Information 1), students who have repeated at least
one grade exhibit a decrease of between 30 and 50 points in their
scores. In contrast, those who have not repeated achieve between
5 and 15 points higher. It is noteworthy that this variable has the
highest average value among those studied, with an average
impact in absolute value of 13.65 points.

Additionally, the use of digital resources in technological subjects
shows a relevant impact. Students who use these resources in all
academic sessions achieve between 0 and 10 additional points in
their reading comprehension assessments. On the other hand,
those who use them in less than half of the sessions experience
adecrease in their scores, with losses ranging from 5 to 20 points.
This variable also presents a high average, with a mean difference
of 10.18 points.

Time spent:
40 1 create or edit digital content (7.62)

20 -

-20 A

~40 A

No time -

< 1hr/day -
1-3 hrs/day -
3-5 hrs/day -
5-7 hrs/day -
7 + hrs/day -

FIGURE 7 | The effects of the model on the time spent in social networks and working with digital content. Each subplot shows the name of the

variable and the average impact in absolute value in parentheses.
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Profiles showing positive impact on reading performance, analyzed using the Mann-Whitney U test.

TABLE 4

Do not
satisfy the criterion

p-value

Satisfy the criterion

Variable

N (%)

Description

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
< 0.001
<0.001
< 0.001

117811693
164104501.5
117949126.5
146313240.5
167022852.5

401.6

499.1

81.3
49

Never

Grade repetition

452.9

510.0
517.6
515.1

.0

0 days

Time spent: Exercise or practice a sport

468.8

24.8

No subject
-+100 books
1+ times/day

Digital resource use in computer science lessons

462.5

35.0

Books count at home

448.7

510.0
495.0

.5
14.3

Time spent: out-of-school smartphone use

64838753

478.5

< 1-2 times/month

Time spent: out-of-school educational apps use

145281040

161646575

145958169
2312595

464.3

498.9

47.9

+0
<1h/day
<1h/day

All criteria

Curiosity (agreement) (WLE)

453.6

507.3

50.8

Time spent: social networks

434.0
480.6

501.8

69.2

Time spent: create or edit digital content

582.8

0.3

Note: N (%) indicates the percentage of students meeting the condition.

4.4 | Statistical Validation of High-Performance
Profiles

The conditions associated with higher performance are based on
the variables analyzed. Table 4 presents a set of statistically
validated profiles derived from positive impact scenarios, as il-
lustrated in the detailed impact graphs (Figures 5, 6, 7). These
profiles were evaluated using the nonparametric Mann-Whitney
U test [94], which compares reading test scores between two
groups. The first group consists of students who meet the
specified condition, while the second includes those who do not.
As shown in the table, students who satisfy the conditions exhibit
significantly higher performance levels, with a confidence level
exceeding 99%. In the particular case, when all criteria are
combined (bottom row, representing 0.3% of the total), the mean
score reaches 582.8, surpassing the values for any individual
criterion and exceeding the average performance observed in
Spain.

5 | Discussion and Conclusion

5.1 | Interpretation of Key Factors Related to
Reading Comprehension

Our analysis using XAI reveals a shift in the determinants of
reading comprehension compared to previous PISA cycles such
as Rico-Juan et al. [11] based on PISA 2018. While parents’
educational level remains a factor, our model highlights that
daily habits and time allocation have become dominant pre-
dictors for Spanish adolescents. This suggests that the what and
how much of daily activities—technological or otherwise—play
a more decisive role than purely socioeconomic background in
the current context.

5.1.1 | Impact of Sports Practice and Home Library

Our results identify a robust negative relationship between the
frequency of sports practice and reading comprehension scores.
This finding, reinforced by our causal inference analysis (DML),
contrasts with studies that emphasize the cognitive benefits of
physical activity [28, 29]. We interpret this discrepancy through
the time displacement hypothesis: For adolescents, the significant
time commitment required for frequent sports training may di-
rectly compete with the time available for academic reading and
study. While sports may enhance executive functions, this general
cognitive benefit does not appear to compensate for the reduction
in specific reading time in terms of PISA test performance.

Conversely, the number of books at home positively predicts
reading skills, aligning perfectly with established literature [26].
The presence of a home library serves as a proxy for “scholarly
culture,” fostering an environment where reading is valued and
encouraged, thus validating that traditional literacy resources
remain vital even in a digital age. This interpretation aligns with
PISA-based research, showing that activities which reduce ex-
posure to sustained reading practices tend to be associated with
lower reading outcomes, particularly when they displace time
needed for deep, text-based engagement [18, 25, 43].

This result is fully consistent with recent PISA analyses, dem-
onstrating that the availability of books at home remains one of
the strongest predictors of reading performance across countries,
even after controlling for socioeconomic status and parents’
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educational level [16, 17, 19]. Moreover, our findings reinforce
the idea that home literacy environments not only provide
material resources but also shape adolescents’ leisure habits,
encouraging voluntary reading—an activity repeatedly shown to
enhance PISA reading scores [21-24].

5.1.2 | Smartphone Usage and Educational Apps

Regarding mobile technology, we found a nuanced result:
moderate smartphone usage shows a positive association with
reading skills, whereas the use of educational apps outside of
school is negatively associated. The positive link with general
smartphone use may be attributed to the text-rich nature of many
mobile interactions (messaging, information seeking), which can
support reading fluency [45]. This interpretation is compatible
with PISA-based findings, showing that moderate, purposeful
ICT engagement—particularly when it involves reading or
information-seeking behaviors—is associated with better aca-
demic outcomes, in contrast to the detrimental effects of ex-
cessive recreational screen exposure [12, 39].

However, the negative impact of educational apps is striking.
This finding contradicts the assumption that “educational” labels
guarantee learning gains [95]. A possible explanation is reverse
causality: Students with lower reading skills may be directed by
parents to use these apps as a remedial measure. Alternatively,
many apps may prioritize gamification and visual engagement
over deep textual processing, failing to develop the complex
comprehension skills measured by PISA. This aligns with PISA
research indicating that not all forms of digital engagement are
academically beneficial: While ICT confidence and autonomy
predict higher performance, the use of digital tools that do not
require sustained reading or self-regulated learning tends to
show neutral or negative associations [39, 43]. Moreover, the
negative association mirrors findings on leisure-oriented screen
time, where activities that emphasize rapid visual stimulation
over text comprehension—such as gaming or video stream-
ing—are linked to poorer reading outcomes [18, 41]. This
highlights the need to scrutinize the pedagogical quality of such

apps [96].

5.1.3 | Social Networks and Digital Content
Creation

Our data indicate a clear decline in reading skills as time spent on
social networks and digital content creation increases. This
aligns with the view that excessive screen time for leisure
fragments attention and reduces the capacity for deep, sustained
reading [12, 36]. These results are consistent with PISA evidence,
showing that high levels of recreational ICT use—particularly
social media and video-based platforms—are associated with
lower performance in reading, mathematics, and science [11, 18].
Furthermore, research on classroom distraction reinforces this
pattern: The use of social networks during lessons has been
linked to reduced attention and lower achievement [40, 44],
suggesting that the negative effects extend beyond leisure con-
texts into academic environments.

While some authors argue that content creation fosters synthesis
skills [38], our results suggest that in the context of Spanish
adolescents, these activities largely act as distractors or time
displacement factors rather than skill-builders. This in-
terpretation is compatible with PISA findings, indicating that

when digital activities compete with time for reading or studying,
the net effect tends to be negative, regardless of their creative or
expressive potential [39]. The critical threshold identified sug-
gests that usage beyond minimal levels becomes detrimental.

5.1.4 | School Context: Grade Repetition and
Digital Resources

Grade repetition emerged as the strongest negative predictor in
our model. This confirms that repeating a year is not an effective
remedial strategy for reading proficiency; instead, it is associated
with a persistent gap in performance [50]. This structural failure
in the system highlights the need for early intervention rather
than retention. Our findings are fully aligned with PISA-based
evidence, showing that repetition is one of the most powerful
negative predictors of academic achievement across countries,
and particularly in Spain, where causal studies estimate re-
ductions of between 1.5 and 1.7 standard deviations in PISA
reading performance [47]. Moreover, the broader PISA literature
indicates that repetition not only fails to improve learning but
also exacerbates educational inequalities [48] and increases
psychosocial risks such as disengagement and reduced self-
esteem [49]. Thus, our results reinforce the consensus that re-
tention, as currently implemented, is an inefficient and in-
equitable policy, and that system-level responses should
prioritize early intervention, individualized support, and peda-
gogical adjustments rather than grade repetition.

In contrast, the regular use of digital resources within computer
science lessons is positively associated with reading compre-
hension. Unlike unstructured leisure use (social media), this
guided, pedagogical use of technology appears to support learning.
This supports the findings of Beek et al. [97], suggesting that
technology is beneficial when integrated into a structured learning
environment with clear educational goals. This pattern is con-
sistent with PISA research, showing that structured, academically
oriented ICT use—particularly when supported by teacher gui-
dance—tends to have positive or neutral effects on performance,
in contrast to the negative associations observed for recreational
screen time [12, 39]. Furthermore, studies on ICT autonomy and
self-regulated digital learning indicate that students who use
technology purposefully and with clear instructional scaffolding
achieve higher academic outcomes [43], which may help explain
the positive association observed in our model.

The comparison between PISA 2018 and PISA 2022 reveals a shift
in the relative weight of several contextual factors associated with
reading performance. In PISA 2018, variables such as parents’
educational level, gender, region, time spent on social media, and
school type showed notable influence, with parental education
emerging among the most impactful predictors. By contrast,
PISA 2022 highlights a different configuration of relevant factors,
with teacher support, the use of remote devices and digital
platforms, socioeconomic status, and the language spoken at
home gaining prominence. These changes suggest that while
some traditional determinants of reading performance have di-
minished in explanatory power, others linked to technological
engagement and learning environments have become more sa-
lient. This evolution reflects broader transformations in ado-
lescents’ educational and digital contexts and underscores the
need to interpret reading outcomes within a changing landscape
of social, technological, and instructional influences.
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5.2 | Contributions of the Study

This study offers several relevant contributions to the analysis of
reading performance in the context of PISA. First, it integrates
multiple dimensions—family environment, reading habits, tech-
nology use, sports practice, and grade repetition—into a single
causal model, an approach that is uncommon in PISA-based re-
search. This broad perspective provides updated empirical evi-
dence for Spain, a country with distinctive characteristics such as
high repetition rates and strong digital penetration.

The findings confirm the importance of the family envi-
ronment, showing that the availability of books at home
remains a strong predictor of reading performance and
reinforcing the role of cultural capital and voluntary reading
in the development of reading competence. The study also
provides novel evidence regarding sports practice, identify-
ing a negative effect associated with training frequency and
contributing to the ongoing debate on its relationship with
academic performance through the lens of the time dis-
placement hypothesis.

With respect to digital habits, the study distinguishes between
technological uses with clearly differentiated effects: While
moderate smartphone use is positively associated with reading,
the use of educational applications and the time devoted to social
networks or digital content creation show negative associations.
This differentiation between pedagogical and recreational uses of
technology brings clarity to an area where findings are often
heterogeneous and offers useful insights for informing educa-
tional policies that promote more effective and pedagogically
grounded uses of digital resources.

Finally, in the school context, the study reaffirms that grade
repetition is the strongest negative predictor of reading perfor-
mance, in line with causal evidence available for Spain and with
international PISA analyses. It also shows that the structured use
of digital resources in the classroom, particularly in guided
contexts such as computer science lessons, can have positive
effects on reading comprehension, reinforcing the idea that
educational technology is effective when integrated into well-
designed pedagogical environments.

5.3 | Theoretical Contributions and Educational
Implications

Building on these empirical findings, this study contributes to
the field by quantifying the trade-offs between competing daily
habits. In doing so, it establishes a conceptual link between the
empirical patterns identified and broader theoretical debates,
challenging the unqualified promotion of certain extracurric-
ular or digital activities—such as intensive sports training or
unguided use of educational applications—by demonstrating
their potential opportunity costs for literacy development.
These insights provide a clearer framework for interpreting
how students’ time allocation shapes academic outcomes,
underscoring the need for educational policies that balance
students’ daily activities and promote structured, pedagogically
meaningful engagement with both physical and digital
practices.

Practical implications for educators and families include the
following:

« Balanced Schedules: Families should be aware that while
sports are healthy, high-frequency training without com-
pensatory study time may hinder literacy development.

Critical Tech Use: Educators should distinguish between
“screen time” types. While guided digital use in class is
beneficial, unstructured use (social media) and unverified
“educational” apps require strict moderation.

« Early Intervention: The strong negative indicator of grade
repetition calls for preventive support systems for struggling
readers before retention becomes necessary.

The study provides empirical evidence that can inform public
policy across several key areas. First, it highlights the need to
strengthen policies that support families’ cultural capital by
promoting early access to reading materials and encouraging
voluntary reading. The findings also point to the potential op-
portunity costs associated with certain extracurricular and digital
activities, suggesting that educational policies should help bal-
ance students’ use of time and promote guided, pedagogically
meaningful technological practices. In the school context, the
results support a review of grade repetition policy, given its
strong negative association with reading performance, and in-
dicate the value of replacing it with early interventions and
individualized support. Finally, the study endorses the structured
integration of digital resources in the classroom, particularly in
guided contexts, as an effective means of improving reading
comprehension.

5.4 | Limitations and Future Directions

While robust, this study is limited by the cross-sectional nature of
PISA data (though mitigated by DML for sports) and the reliance
on self-reported questionnaires. We could not assess the quality
of the time spent (e.g., what books are read or which apps are
used), only the frequency.

Future research should employ longitudinal designs to track how
changes in these habits over time directly affect reading trajec-
tories. Additionally, while this study identified key predictors
using ML regression, future work could employ structural
equation modeling (SEM) to map the causal interrelationships
between these variables, effectively building the theoretical
framework that this predictive analysis points toward.
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Endnotes

The microdata from the PISA 2022 report are publicly accessible
at  https://www.oecd.org/en/data/datasets/pisa-2022-database.
html. We have used Spain as the country for our analysis.

“Ceuta and Melilla, with a score of 421.3, have been excluded due
to their exceptional situation and continuing problems with
respect to education.

*The EconML (v0.15.1), Catboost (v1.2.7), and scikit-learn
(v1.5.2) libraries are used with the LinearDML estimator for
double machine learning. The CatBoostRegressor is employed as
the model for predicting the outcome variable, while Logisti-
cRegression is used to model the multiclass treatment variable.
The training process involves cross-validation with 5-fold to
ensure robust performance.
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